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Gastric tumor segmentation algorithm based on global-local attention mechanism

XU Kaicheng', FANG Zhijun', CAI Qingping®, WEI Ziran’, GAO Yongbin', JIANG Xiaoyan'
1. School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201600, China; 2. Shanghai
Changzheng Hospital, Shanghai 200003, China

Abstract: Using CT to realize preoperative gastric tumor diagnosis is a potentially efficient technical method, of which
accurate tumor image segmentation is the prerequisite for preoperative diagnosis. In order to achieve a better performance on
the extraction of tumor, a 2D segmentation network (GLat-Net) based on attention mechanism is proposed to complete the
segmentation of the gastric tumor on upper abdominal CT images, which focuses on the area around the tumor and extracts
effective contextual information from global and local perspectives. Furthermore, the weight module is introduced to decoder
module for highlighting the representative features. The experiment results show that the proposed approach outperforms
current state-of-the-art methods on gastric tumor segmentation, having a higher segmentation accuracy.
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Fig.5 Illustration of weight module in decoder module
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Tab.2 Performance comparison of decoder module with or
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Tab.3 Quantitative results of ablation experiment (%)

WIRZS IoU Acc
Base Network 79.37 99.45
Base Network+GL-Attention 80.44 99.52
Base Network+DecoderWeighted block 80.59 99.52
Base Network+GL-Attention+

80.74 99.53
DecoderWeighted block

I CT SCEH R B A5 AR 0 4y BRI H 2
W R AR TR E AR . ARSI T — AR
P 73 BB GLat-Net (4 5 5 s X B U ¥
ZITIESS A4 Ry AR SR A SR B R SUfE B
FEHRE I B {5 BOR 8 H A R AL JC FH R AE 1%
KT CT 5248 L g AN e HERAE ) T8 5 IR SR T
Fip A AN EE AR R 2% > 3 T [ (%) R S | A o) 30 3 T
TACESTH T /rERCR . SCRIE T R AR A B
PR 43 EAT 55 1A B ) 2 B 45 5 S RTTT 43 M
2 CE-Net M [t , i 5 LA b AR T T 0.94%

(5% k]

[1] TORRE LA, BRAY F, SIEGELR L, et al. Global cancer statistics, 2012
[J]. CA Cancer J Clin, 2015, 65(2): 87-108.

[2] SENDLER A, DITTLER H J, FEUSSNER H, et al. Preoperative
staging of gastric cancer as precondition for multimodal treatment[ J].
World J Surg, 1995, 19(4): 501-508.

[3] skan, Eak, Hor, & FE I Eeysrat&T]. F B IFE, 2020, 29
(6): 411-418.

ZHANG R, LEI L, PENG J, et al. Research progress of gastric cancer
screening[ J]. China Cancer, 2020, 29(6): 411-418.

[4] B3, T2 MRIS5 CT AR AW 2 i Wreg 4k At [1]. B4
B 5 B 5 R, 2020, 4(20): 40-41.

XUE P, WANG F. Study on the role of MRI and CT in preoperative
diagnosis of gastric cancer [J]. Journal of Imaging Research and
Medical Applications, 2020, 4(20): 40-41.

[5] MAHMOUD A A, EL-RABAIE E S, TAHA T E, et al. Medical image
segmentation techniques, a literature review, and some novel trends
[J]. MJEER, 2018, 27(2): 23-58.

[6] AGRAVAT R R, RAVAL M S. Deep learning for automated brain
tumor segmentation in MRI images [M]//Soft Computing Based
Medical Image Analysis. Academic Press, 2018: 183-201.

[7] SEIBERT J A. X-ray imaging physics for nuclear medicine
technologists. Part 1: basic principles of X-ray production[J]. J Nucl
Med Technol, 2004, 32(3): 139-147.

[8] HESAMIAN M H, JIA W, HE X, et al. Deep learning techniques for
medical image segmentation: achievements and challenges[J . J Digit
Imaging, 2019, 32(4): 582-596.

[9] RONNEBERGER O, FISCHER P, BROX T. U-Net: convolutional
networks for biomedical image segmentation [C]. International
Conference on Medical image Computing and Computer-Assisted
Intervention. Springer, Cham, 2015: 234-241.

[10] FU H Z, CHENG J, XU Y W, et al. Joint optic disc and cup
segmentation based on multi-label deep network and polar
transformation[ J |. IEEE Trans Med Imaging, 2018, 37(7): 1597-1605.

[11] ALOM M Z, HASAN M, YAKOPCIC C, et al. Recurrent residual
convolutional neural network based on U-Net (r2u-net) for medical
image segmentation[ J]. arXiv preprint arXiv: 1802.06955, 2018.

[12] FU I, LIU J, TIAN H, et al. Dual attention Network for scene
segmentation| C ]. Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. IEEE, 2019: 3146-3154.

[13]1 GU Z W, CHENG J, FU H Z, et al. CE-Net: context encoder network
for 2D medical image segmentation[J]. IEEE Trans Med Imaging,
2019, 38(10): 2281-2292.

[14] HE K, ZHANG X, REN S, et al. Deep residual learning for image
recognition [ C|. The IEEE Conference on Computer Vision and
Pattern Recognition. IEEE, 2016: 770-778.

[15] LIJ N, WEI'Y C, LIANG X D, et al. Attentive contexts for object
detection[ J]. IEEE Trans Multimedia, 2016, 19(5): 944-954.

[16] ZHAO H, SHI J, QI X, et al. Pyramid scene parsing net-work[ C ]. The
IEEE Conference on Computer Vision and Pattern Recognition. IEEE,
2017: 2881-2890.

[17] ZHANG Z, FU H, DAI H, et al. ET-Net: a generic edge-attention
guidance network for medical image segmentation| C ]. International
Conference on Medical Image Computing and Computer-Assisted
Intervention. Springer, Cham, 2019: 442-450.

[18] CRUM W R, CAMARA O, HILL D L. Generalized overlap measures
for evaluation and validation in medical image analysis[J]. IEEE
Trans Med Imaging, 2006, 25(11): 1451-1461.

[19] MILLETARI F, NAVAB N, AHMADI S A. V-net: fully convolutional
neural networks for volumetric medical image segmen-tation[C]J.
2016 4th International Conference on 3D Vision (3DV). IEEE, 2016:
565-571.

[20] GUAN S, KHAN A A, SIKDAR, S et al. Fully dense U-Net for 2D
sparse photoacoustic tomography artifact removal[J]. IEEE J Biomed
Health Inform, 2020, 24(2): 568-576.

[21] OKTAY O, SCHLEMPER J, FOLGOC L L, et al. Attention U-Net:
learning where to look for the pancreas[J]. arXiv preprint arXiv:

1804.03999, 2018.
(it BEEHD)



