ERIESIN P ]
20224 2H

] BRI 2
Chinese Journal of Medical Physics

Vol. 39 No.2
February 2022 _ 515 _

DOI:10.3969/j.issn.1005-202X.2022.02.015

E 53184 3E

ETERMENEFTESES THHREZX

RAER', LT R EEE, sk, B’

1. il TR AR KRBT A TR, i 2016005 2. FEARAEE RS —FF, [ 200003

[BE]AT B & CT B ko2 B RA AT B BB R BT T 6 & B 30 0% 6 RS 7 R aTFml RG34
HXEXEE, AT ERNEBECT BERESEE FREFI BT S8, 32 8 —F R TERAPZER L T &0 2
5 To#5%(SC-Net), SC-NetAHEETFTX 02 EXR TR, IAHAEES>HBT RTINS 5 —F RIN%S
B ZAFAM B BNER RS —F A2 PIBEOI G5 E 5K E X A B Fe B T LR, A
TRZBFESTE R R £ R IR TR AR AR SL R 6 AR SLIPIEAE A B 45 % £ AL M fo 05 4E 1% 3 R B AR
B AR BUR E R AIEAZ B ST R A HATE M T oM. FREANIRT EER B E TP LARTRES %,

PT 3R 7 AR A 05 & B 2Rk 0B B AL 6 Ty

(R ]EARATZR L B 02 TR 2EANA; SHEL BETRER

[ E 422 ]R318;TP391.41

[Tk iR ED A

[XE4S]1005-202X(2022)02-0215-09

Gastric cancer segmentation and T staging algorithm based on convolutional neural network
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1. School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201600, China; 2. Second

Department of General Surgery, Shanghai Changzheng Hospital, Shanghai 200003, China

Abstract: The accurate segmentation of gastric cancer and the accurate prediction of gastric wall tumor invasion depth based

on gastric cancer CT images are essential for screening of gastric diseases, clinical diagnosis, preoperative prediction and

postoperative evaluation planning. A gastric cancer segmentation and T staging algorithm based on convolutional neural

network (SC-Net) is proposed to accurately segment gastric cancer in CT images and to qualitatively stage the tumors. SC-

Net has two main lines, namely segmentation main line and classification main line. For the novel algorithm, the training is

divided into two steps. The first step is to train only the main line of segmentation for obtaining the rough segmentation result,

and then on the basis of the first step, the main lines of segmentation and classification are jointly trained to obtain the final

fine segmentation and T staging results. In order to improve the algorithm's attention to the gastric cancer region, an attention

mechanism is proposed to enhance the accuracy of the algorithm. In addition, multi-core residual module and densely

connected dilated convolution module are used to extract underlying characteristic information. The qualitative and

quantitative analyses on the proposed algorithm show that the proposed method is superior to similar methods in gastric

cancer segmentation and T staging. The proposed method has the potential to screen stomach diseases and assist doctors in

diagnosis.

Keywords: convolutional neural network; gastric cancer; segmentation; T staging; attention mechanism; multi-core residual;

densely connected dilated convolution
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Figure 1 Overall training process
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Figure 3 Flowchart of residual blocks
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Figure 4 Structure of multi—core residual pooling module
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Figure 9 Comparison of the results of different methods for segmention of stomach cancer in 5 patients
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Table 2 Diagnostic classification results

Bk MRS
Y-Net-joint 0.464
Dense-Net 0.653
CE-Net(DDC)-joint 0.696
AT 0.732

R3 FERBRITEHHRR ST

Table 3 Ablation experiment for the evaluation of different modules

- Do RS 4}§2 o
KR FRROR A 2

U H o 4% 0.994 0.272 -
EENTE 0.860 0.430 0.446
FARRZ+DDC 0.995 0.546 0.564
T4/ 4% +ResNet block 0.968 0.603 0.589
F AR ZE+MR 0.969 0.648 0.696
TR ZE+AM 0.972 0.704 0.712

T4 BIHIRKRBEEE D0

Table 4 Quantitative analysis of the two loss functions

‘ Pig RS 4yeE R
o it B o B 14 RS
A SURAR % R KR 0.972 0.704 0.712
Z I IVIRES 0.983 0.721 0.732
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