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Abstract; In order to solve the classification problem of human pose in videos, an improved model based on spatial temporal graph
convolution network is proposed. In this model, firstly the human skeleton key point sequences are combined to construct a spatial —
temporal feature map of human motion in the video. Openpose is used to preprocess the input skeleton key point data in the video,and
subnets are divided from spatial construction according to the rule of human motion to obtain a spatial-temporal feature map of the joint
sequence. Then feature weights and convolution kernel are determined for the obtained spatial-temporal feature maps,and feature fusion
is carried out in cascade. Finally,according to the number of input and output channel layers,a training model composed of the graph
convolution network and the temporal convolutional network is built. The temporal convolution and the graph convolution are performed
based on the configuration division of the spatial-temporal characteristic graph,and the classification results can be obtained from the full
connection layer of the model. The experiment shows that the improved model can accurately obtain the classification results of the
characters in the video,and improve the feature redundancy of the convolutional network in the training, thus effectively improving the ro-
bustness of the classification of characters.
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