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Multiscale Mini—-Xception facial expression recognition
integrating attention mechanism

YAN Ting
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Abstract; Convolutional neural networks are widely used in the field of facial expression recognition. In order to solve the problem
that the face expression recognition algorithm based on convolutional neural network can achieve the lightweight of the model while
satisfying the high recognition rate, this paper proposes a multi—scale Mini—Xception face expression recognition network embedded
with attention mechanism. In this paper, Mini—Xception convolutional neural network is used as the backbone network, which
removes the full connection layer of the traditional model and uses depth —separable convolution instead to reduce the model
parameters. The superposition of multi—scale mixed depth convolution is used to improve the convolutional receptive field, and the
CBAM attention mechanism is added to improve the detection effect of the target of concern, so as to improve the network
performance without increasing the network parameters. Experimental results show that the recognition rate of the proposed method
on the open facial expression data set FER-2013 reaches 72. 77% , which has a higher accuracy compared with the current advanced
facial expression recognition networks. In addition, the model proposed in this paper is used to test facial expression recognition of
faces in videos and pictures, and the recognition results show that the network model proposed in this paper has good recognition
effect, and can be better applied to daily expression recognition scenes.
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Fig. 1 Mini—Xception model structure
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Fig. 2 Depth—separable convolution structure
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Fig. 3 Multiscale depth—separable convolution structure
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Table 1 Comparison of experimental results of convolution with
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Table 3 Training parameter settings
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Fig. 5 Facial expression recognition images
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