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ortcomings of traditional Convolutional Neural Networks (CNN) in face expression
recognition, such as insuffféient effective feature extraction, weak generalization ability, and low recognition accuracy,
this paper proposes to design a face expression recognition system by using Visual Geometry Group Network
(VGGNet), which has smaller convolutional kernel and deeper pooling layer. To verify the recognition effect, the face
expression recognition system is built under the framework of traditional CNN and VGGNet, the FER2013 public
dataset is used for training and testing, and the testing results are analyzed and compared. The experiments show that
the recognition rate of the traditional CNN model in the task of face expression recognition is only 88%, while the
recognition rate of the VGGNet is as high as 98% . In addition, test with real persons verifies that the VGGNet model
proposed in this paper has a very good expression recognition effect.

Key words: deep learning; CNN; VGGNet; face expression recognition, FER2013
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Fig. 1 Structure diagram of convolutional neural networks
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Fig. 2 System flowchart
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Fig. 3 Diagram of CNN training process
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Fig. 4 Introduction diagram of the pre-trained model
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Fig. 6 Facial expression recognition images in real-life scenarios
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