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Tongue image classification method based on transfer learning and fully connected neural network

YANG Jing-dong’, ZHANG Peng
School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

[Abstract] Objective To propose a classification method for small sample tongue images based on transfer learning
and fully connected neural network, so as to solve the problems of large amount of data, high requirement of training
equipment and long training time of deep learning in the classification of tongue images. Methods Effective features such as
tongue points and lines of tongue images were extracted by the convolution Inception v3 network after training on the massive
data set of ImageNet. The above features were classified by the fully connected neural network, and the image knowledge
acquired by the deep learning network was transferred to the tongue image recognition task, and then the tongue data set were
used to train and test the efficiency of the network. Results Compared with the typical tongue image classification method
such as K-nearest neighbor (KNN) algorithm, support vector machine (SVM) algorithm and convolutional neural network
(CNN) deep learning method, the two methods (Inception v3+2NN and Inception v3-+3NN) in our experiment had higher
classification rates for tongue images, with the accuracy rates being 90.30% and 93.98%, respectively, and had shorter training
time for the sample. Conclusion Compared with KNN algorithm, SVM algorithm and CNN deep learning method, the
tongue image classification method based on transfer learning and fully connected neural network can effectively improve the
accuracy rate of tongue image classification and shorten the training time.
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Fig1 Six tongue images

A: Normal tongue; B: Crack tongue; C: Thick tongue coating; D:

Prick tongue; E: Indented tongue; F: Peeling coating
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Fig 2 Feature images based on transfer learning
A: Normal tongue feature; B: Crack tongue feature; C: Thick
tongue coating feature; D: Prick tongue feature; E: Indented

tongue feature; F: Peeling coating feature
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Fig 3 Single hidden layer feed forward neural network
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Fig4 Fully connected neural connection network structure diagram based on transfer learning
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Tab 1 Architecture outline of convolutional neural network

Type Patch size/stride or remarks Input size
Convl 3X3/1 256X256X3
Max-pooll 3X3/2 256 X256 X 64
Conv2 3X3/1 128 X128 X 64
Max-pool2 3X3/2 128 X128 X128
Conv3 3X3/1 64X64 X128
Conv4 3X3/1 64X 64X 64
Conv5 3X3/1 64X64X16
Dense layers 16 384/2 048/512/6 64X 64 X4
Softmax Classifier 6

Conv: Convolutional layer
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Tab 2 Architecture outline of improved convolutional
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Type Patch size/stride or remark Input size
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Fig 6 Accuracy rate curve of four networks trained by origin tongue sets

CNN: Convolutional neural network; Inception_v3-+2NN: Inception_v3 model plus two-layer neural network; Inception_v3+3NN:

Inception_v3 model plus three-layer neural network
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Tab 3 Comparison of our methods with other methods

Method Accuracy (%) Time #/min
KNN 50.00 1.25
SVM 33.33 1.36
CNN 16.67 170
Improved CNN 27.78 139
Inception_v3+2NN 90.30 15
Inception_v3+3NN 93.98 18

KNN: K-nearest neighbor; SVM: Support vector machine;
CNN: Convolutional neural network; Inception_v3—+2NN:
Inception_v3 model plus two-layer neural network; Inception

v3-+3NN: Inception_v3 model plus three-layer neural network
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