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Comprehensive detection model of tooth mark tongue
and crack tongue based on SA-YOLO X

WANG Xin, XIN Guojiang, ZHANG Yang, ZHU Lei, LIU Rongcheng

(School of Information Science and Engineering, Hunan University of Chinese Medicine, Changsha 410208, China)

Abstract; Tongue diagnosis is an important part of Chinese medicine system. In view of the fact that tongue image recognition in
traditional Chinese medicine is highly subjective due to the personal factors of doctors, the current tongue image detection network is
mostly used to extract a single target, and the demand of mobile applications, a comprehensive detection network SE & ASFF based
on YOLO X(SA-YOLO X) in an open environment is proposed. The Squeeze—and-Excitation mechanism ( SE) was introduced in
the backbone network, and Adaptively Spatial Feature Fusion ( ASFF) was added to the neck network. After experimental
verification, the mean Average Precision (mAP) value of the network in this thesis increased to 80. 99% while maintaining a high
number of Frames Per Second (FPS), which increased by 9. 26% compared with YOLO X. Compared with the two—stage target
detection network, the detection speed is faster.
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Fig. 1 Focus module implementation principle
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Fig. 2 Path aggregation feature pyramid network structure
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Fig. 3 Decoupled head structure
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Fig. 4 SA-YOLO X network architecture
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Fig. 5 Squeeze—and—Excitation Attention Module structure
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Fig. 6 Structure of Adaptive Spatial Feature Fusion
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Fig. 7 Tongue image data after preprocessing
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Fig. 8 Model performance comparison
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Table 1 Ablation experiment
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Fig. 9 Detection result for SA-YOLO
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