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Fig. 1 Architecture of CRANet
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Table 1 Comparison of quantitative results of the segmentation part and the classification part
Segmentation Classification
Method Method

Dice/% IoU/% Acc/% MAE Acc/% P/% RI% F1/%
CRANet 98.73 97.50 99.43 0.0057 CRANet 88.91 86.37 85.32 85.84
FCNU3! 85.02 74.28 92.46 0.0754 CSSNet?! 84.07 80.77 75.14 77.85
RNNL 96.19 94.58 98.75 0.0125 DDANet??? 82.46 77.51 74.51 75.98
ResNet34!!7) 97.28 95.66 98.15 0.0120 CAAP-Net?! 87.72 82.69 79.35 80.99
U-Net*! 97.11 94.43 98.73 0.0127 SANet?¥ 86.21 83.69 82.91 83.30
U-Net++1®! 98.18 96.14 98.82 0.0098 ResUNet++25! 78.51 76.84 80.36 78.56
DconnNet!"”! 89.53 90.57 94.38 0.0182 UNext?®! 80.53 75.27 70.28 72.69
TransUNet?"! 97.62 97.04 99.29 0.0061 Swin-unet?”! 82.30 78.19 73.47 75.76

. -

- -

(a) Original input (b) Ground truth (¢) CRANet (Ours)

(d) FCN (¢) RNN (f) U-Net

Bl6 oIy il AL Ss Xt A

Fig. 6 Visualization results comparison of the segmentation part
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Fig. 8 Model training and validation fitting curves
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Table 2 Comparison of ablation experiments results of the
segmentation part
CR Block MHSA Block SE Block Dice/% IoU/% Acc/% MAE
x/ \ \ 98.73  97.50 99.43 0.0057
x/ \ x 96.58 9574 9632 0.0129
x/ x \ 81.62 79.33 87.59 0.0218
x N v 6328 61.19 8037 0.0362
£ 3 U TIERL IR EE RN
Table 3 Comparison of ablation experiments results of the
classification part
CR Block MHSA Block SE Block Acc/%  P/% R/% F1/%
\ \ \ 88.91 8637 8532 8584
\ \ x 83.64 8216 78.76 80.42
\ x \ 86.36 84.06 81.88 82.96
x \ \ 68.18 66.57 69.90 68.20
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CRANet: Tongue Image Segmentation and Classification Network

PENG Chen!, LI Wenju?, QIAN Zhigin', XU Lei*, LUO Qi', YU Yijie'
(1. School of Mechanical and Power Engineering, East China University of Science and Technology, Shanghai 200237,
China; 2. Internal Medicine Department Il , Zhengzhou Renji Hospital South Campus, Zhengzhou 450004, China;
3. Logistic Support Department, Shanghai Jiading Anting Hospital, Shanghai 201800, China)

Abstract: In Traditional Chinese Medicine (TCM) diagnosis, tongue diagnosis is an important method. However,
the accuracy and efficiency of tongue analysis are greatly influenced by subjective factors. This paper proposes a
tongue segmentation and classification model based on convolutional neural networks and attention mechanism
(CRANet), and designs a Convolutional Residual Block (CR Block). The model can automatically segment the tongue
and recognize features, thus classifying tongue images and improving the objectivity and accuracy of tongue diagnosis.
The proposed model achieved an average accuracy of 99.43%, an Intersection over Union (IoU) of 97.50%, and a Dice
coefficient of 98.73% in the segmentation task. In the classification task, it achieved an average accuracy of 88.91%, a
precision of 86.37%, a recall of 85.32%, and an F1 score of 85.84%. This verifies the application potential of the tongue
image segmentation and classification method based on Convolutional Neural Networks and Attention Mechanism in
TCM tongue diagnosis.

Key words: convolutional neural network; attention mechanism; image segmentation; image classification;

traditional chinese medicine tongue diagnosis
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