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Labeling and detection of tongue spots based on computer vision
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Abstract: Objective To identify the distribution of spots in different areas of tongue intelligently. Methods After the initial
detection of tongue spots by convolving the tongue image with LoG operator, the labeling of spots were fine-tuned by human
interaction, and the convolutional neural network model (Fast-RCNN) was trained with the labeled dataset. Results With the
240 images collected by the instrument for tongue image as training set and 60 images as test set, a recall rate of 90.78% was
obtained, indicating that the proposed method was superior to the existing methods. Conclusion The data pre-labeling and
manual fine-tuning method proposed in the study makes it possible to label fine-grained spots. Based on the dataset accurate
to a spot, convolutional neural network is introduced to detect the spot distribution at sub-pixel level, and the results can
provide objective, quantitative and automatic reference for clinical diagnosis of traditional Chinese medicine.
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Figure 1 Spot detection process
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Figure 2 Tongue image dataset
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Figure 3 Structure of spot detection network
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Figure 4 Spot detection results
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