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Abstract;: With the development of computer vision, intelligent human—computer interaction technology has been paid more and more at-
tention. As the most direct and effective emotion recognition method, facial expression recognition has become a hot and difficult issue in
the field of human—computer interaction. Because face recognition is easily affected by complex factors such as illumination , rotation and
occlusion, the accuracy of traditional face recognition methods will be greatly reduced. In order to make the machine can rapidly and ac-
curately induction facial expressions,we put forward to use convolution neural network (CNN) to build a facial expression recognition
framework. Combining traditional artificial neural network and deep learning ( DL) , we use the classical convolution neural network
model to analyze. Expressions are classified into anger, surprise, happiness, sadness and fear to identify and analyze different genders.
The results show that this method has better recognition efficiency and timeliness than the traditional expression recognition method , which
can greatly improve the experience of human—computer interaction.
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