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Abstract: In order to better apply the existing depth convolution neural network to facial expression recognition, a method combi-
ning pre— training of natural facial expression image set and multi— task depth learning is proposed. Firstly, a data set of spontaneous
facial expressions is constructed from social network images, and the existing deep convolution neural network is pre— trained. Then,
a deep multi— task facial expression model is constructed by replacing the planar softmax classifier of the output layer with a double—
tree classifier. The experimental results on CK + and Oulu— Caisa datasets show that the accuracy of the proposed method is 3. 1%
higher than that of the deep convolution neural network such as vgg— face and Inception V3, and 0. 7% higher than that of the multi
—task deep convolution neural network.
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