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Gastric tumor segmentation by U-Net based on reverse attention mechanism
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Abstract: The global and local attention mechanisms are used to localize tumor, and a reverse attention mechanism is added
to the model to remove the salient features from the original feature map while retaining the edge contour information. In
addition, deep supervision is also applied to supervise the training of each deep decoding layer, which effectively suppresses
gradient disappearance and enhances segmentation accuracy. The gastric CT data set used in the study is from Shanghai
Changzheng Hospital. The performance of U-Net model with reverse attention mechanism in gastric tumor segmentation has
been greatly improved when compared with the traditional U-Net networks (U-net, Attention U-net and ET-Net), which
proves the effectiveness of the proposed model.
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Figure 1 Network structure
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Figure 2 Structure of reverse attentionmechanism
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Figure 3 Shallow feature map
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Figure 4 Map after being processed with reverse attention mechanism

22 REKE

W& R B2 AT S804t N2 [ 22 21531,
TERAN YNGRt FEP R A Z SR E e 1. IrApE
P28 ATl AT AR 22 1 R, SRy T HR T 45 B R AR e
1 R BN BB MIR I 2 28 TR BE . AR SR
— P TR W B AR | LA SRR A b 28 I 24
HH ) RS 2 TR I — SR B Y S0 IS8, iR B4 2R AR i )
TR D 246 e S22 T RRIE B B R IR VR R . B,
TR B Bk 2 WA, I iEl 5 s, 55—

TR R B Z TSI 7 A 00 £, 0 28 0 531 o
A0 AT M 5 S AR U R A IR R R T
TRl , PEPRE Rl 2 Rl i — G — AR R R A T
AR ASCR R — L A TR B i i
HJZ RIS IR (75 0 2% RE S B RS 0 ) G2 L

| | |

Loss 1 Loss2 Loss3 Loss4

S RELEOFEMER

Figure 5 Two types of deep supervision
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Table 1 Quantitative results of gastric tumor segmentation (%)
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Figure 6 Comparison of quantified results
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Figure 8 Zoom—in of gastric tumor segmentation
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Figure 7 ROC curve of U-Net with reverse attention mechanism
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Figure 9 Comparison of three—dimensional reconstruction of gastric tumor segmentation
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