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Review on Tongue Image Segmentation Technologies for Traditional Chinese
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Abstract The objectification and quantitative analysis of tongue diagnosis is an important topic in the development of
traditional Chinese medicine (TCM) modernization. The digitally acquired tongue images include the tongue and part
of the face region. In order to facilitate the automatic analysis of the tongue image, the tongue needs to be segmented
from the whole image, and the segmentation results will directly affect the accuracy of the tongue image feature analysis.
Although traditional methods of tongue-image segmentation has made great progress, their performance can only achieve
semi-automatic segmentation. There are images that difficult to segment perfectly without human-computer interaction.
In recent years, with the breakthrough of deep learning technology in the field of image processing and computer vision, it
has achieved far more performance than traditional methods in the semantic segmentation tasks. The deep-learning based
tongue-image segmentation technologies have achieved fully automatic robust segmentation. This survey gives a detailed
overview of the history, state of the art, and typical methods in this domain. Firstly, the typical segmentation methods
are presented. Then, they are used for migration learning and network testing based on our self-built tongue image
database. In addition, this paper analyzes the characteristics of these segmentation methods and obtains the advantages
and disadvantages of them. Finally, this paper summarizes the methods of Chinese medicine tongue image segmentation,
and discussed to the development direction.
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Fig.9 The results of different segmentation algorithms

(Refer to the internet version for color images)
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Table 1  Comparison on performances of

different algorithms

W 2543 7 mloU T (s)
FCN8S 0.8322 7.4227
FCN16S 0.8718 7.4403
FCN32S 0.9272 7.5273
SegNet 0.9277 0.0014
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