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Classification of Tongue Image Based on Multi-task Deep Convolutional Neural Network

TANG Yi-ping WANG Li-ran CHEN Peng YUAN Gong-ping
(School of Information Engineering,Zhejiang University of Technology, Hangzhou 310023, China)

HE Xia

Abstract It is difficult to exploit the existing methods to achieve efficient classification and identification of tongue ima-
ge’ labels in parallel,and it is also difficult to utilize the correlation between labels for comprehensive analysis. Aiming
at the problems above,this paper proposed a classification method of tongue image based on multi-task deep convolu-
tional neural network and constructed a multi-task joint learning model based on deep convolutional neural network to
realize the simultaneous identification of tongue color,moss color,tongue crack and tooth marks in tongue diagnosis of
Chinese medicine. First, the shared network layer is used to learn all labels,and the correlation between the tags is ex-
tracted and utilized automatically from the perspective of feature extraction. Then, the learning tasks of specific labels
are completed in different sub-network layers to eliminate the ambiguity in the multi-label classification problem. Final-
ly .multiple Softmax classifiers are trained to achieve parallel prediction of all labels. Experimental results suggest that
the proposed method can simultaneous extract multiple features of tongue image and implement classification by means
of end to end. The lowest value is about 0. 96 in several evaluation indexes and the multi-task recognition rate is about
34 ms. Therefore, this algorithm has obvious advantages in accuracy and speed.

Keywords Tongue classification, Multi-label, Multi-task network,Correlation, Transfer learning
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Fig. 1 Overall flow chart of multi-label recognition
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Fig. 2 Schematic diagram of unlabeled and multi-labeled tongue image
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Fig. 3 Structure of multi-task joint learning network
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Table 4 Classification results of different methods (based on images)
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Fig. 6 F and J values of different methods in all classes (based on classes)
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Table 6 Position evaluation results of tongue crack
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Table 7 Comparison of classification time
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Fig. 7 Comparison of declining loss
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