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Abstract; In recent years, the popularity of artificial intelligence has remained high. Among them,as an important method of human-—
computer interaction,facial expression recognition,has become a hotspot in computer vision research. From traditional machine learning
algorithms to the current depth learning, recognition efficiency is constantly improving. In order to further improve the recognition rate of
facial expressions, on the basis of convolutional neural network, an expression recognition method based on the improved ResNet
convolutional neural network is proposed. This method is based on the basic structure of the ResNet network. The middle convolution
part is a 1 * 1 convolution layer before and after the convolution kernel,and the middle is a convolution layer with a convolution kernel
size of 3 #3,and the downsampling is shifted do it in the following 3 * 3 convolution to reduce the loss of information and replace the
ReLU function with PReLU. Compared with the ResNet model , the improved network structure can reduce the amount of calculation and
increase the recognition speed and recognition rate. The Tensorflow is used to build an improved ResNet framework and trains it on the
enhanced Fer2013 data set to obtain an accurate and efficient facial expression recognition model, and finally combines the face detection
classifier in OpenCV to grab faces from the video for recognition, thus realizing the output of real-time recognition of facial expressions.
The experimental results based on the data set show that the recognition rate of the improved ResNet convolutional neural network model
is indeed improved compared with other facial expression recognition methods.
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