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Wireless Capsule Endoseopy Image Classification Method Based on
Attention Relational Network

AN"ChenWANG Chengliang, LIAO Chao, XIAO Shitong
(College of Computer Science, Chongqing University ,Chongqing 400044, China)

[Abstract] Wireless' Capsule Endoscope (WCE) technology can deteCt gastrointestinal abnormalities. However, the
performance of ¢omputer-aided diagnosis based on WCE images isaedueed due to the small amount of labeled image
data, intra-class variation and inter-class similarity. To address thesproblem, an attentional relational network-based WCE
image classification method is proposed.The method combines the relational network, the attention mechanism and the
meta-learning training strategy.On this basis, an embedded’module*based on the attention mechanism is built to extract
features of WCE images, and then the extracted features are.input into the relation module after feature mapping cascade.
The category of the samples is judged according to the similarity score output by the relation module, and the network is
trained by using the meta-learning training strategy. The experimental results show that the classification accuracy of the
proposed method is higher than that of RelationNet, MAML and other small sample classification methods, reaching up
to 90.28% on the WCE dataset.

[Key words] Wireless Capsule EndoScopy,(WCE) image; attention mechanism; meta-learning; relational network;
convolutional neural network
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Table 3 Performance comparison of different embedded modules

. HER /% o ERSE
i AR SRR
4-way I-shot 4-way 5-shot 4-way I-shot 4-way 5-shot
CBAM-ResNetl8 81.72 90.28 13161 024 433 793
CBAM-ResNet50 79.37 89.50 24 636 800 527 921
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Table 4 Classification confusion matrix of WCE

image multiple anomalies %
25 H i BA 9% EH sen
H I 97.13 5.12 4.57 0.00 92.13
BA 2.62 86.69 11.49 1.23 80.69
15t 357 2.49 9.33 84.47 3.85 76.47
AEH 0.00 2.47 2.39 93.84 83.84
spec 96.47 93.15 92.73 94.32 —

2% i 1% #4 A (Class Activation Mapping, CAM)
T — R AT AR B B 2 % Y T E, A SCR ] CAM
& B 1AL 2 AR OKs 3 F CBAM (1) ResNet18 i A f5
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A B B AT A 1 45 R E AT X b, Rl 8 T
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BG4 22 SRR AE A B T 42 % WCE BRI £ 41
KW F . N IF WCE BIR 43 25 05 1 1 1 1 S 0 1
g 5 s, Hodr, SCEk[ 6 15k I MPEG-7v #1L3E
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AR, R LL ResNet18 1 Sy 5 Al [0 26 328 47 58 981 04 IR 2
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Table 5 Comparison of the accuracy of different

WCE image classification methods %
FPUH mE A% B\ IER K

TE g s ek SR\ W
SCiik[6177 ¥ 75.21 85.65 74.12 71.84 80.64
SCiik (7107 84.35 90.95 80.23 78.23 85.20
SCHik [8177 ¥ 86.54 95.28 34014 83.83 88.73

ResNet18!'® 84.72 95.27 8574 80.31 87.27

RelationNet'”  86.13 94.41 85.84 81.15 90.13
ARNSs 90.28 97.13 87.69 84.47 94.32
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