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Facial expression recognition and classification based on VGG
ZHOU Yiyang
(School of Artificial Intelligence, Beijing Normal University, Beijing 100088, China)

[ Abstract] In order to make facial expression recognition faster and more accurate to meet the needs in complex social situations,
this paper studies the facial expression recognition method based on deep convolutional neural networks to realize the recognition and
classification of different discrete facial expressions. First of all, in view of the insufficient amount of data in the existing dataset and
the prone to over—fitting in deep network calculations, this paper cuts of the face image to obtain 64 sub-regions based on the key
points and expand the data to 64 times to achieve the goal of data enhancement. Secondly, the convolutional neural network based on
the VGG-19 network model is used to classify and calculate the strength of the action unit, and the Sigmoid function is used to
make the network have multi—1label and multi —classification capabilities. Finally, a weighted processing layer is added after the
fourth group of convolutional layers of the VGG - 19 network to improve accuracy. The results show that the facial expression
recognition and classification after data enhancement can basically be completed, and the accuracy of the weighted processing layer
has been significantly improved.

[ Key words] facial micro expression; facial action coding system; action unit; convolutional neural network; date augment;
weighted processing
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Tab. 1 Coding of main action units
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Tab. 3 Several deep face detection algorithms and their minimum requirements for efficiency and performance
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Fig. 1 8 unprocessed face pictures
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Fig. 3 Face pictures after alignment
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