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Abstract: Action recognition based on human skeleton is an important branch to achieve computer vision intelligence. In
this article we first review the research on human skeleton action recognition based on graph convolutional neural networks
and analyze the key techniques. Then, we outline the research progress of graph convolution approaches based on spectral
convolution and space domain convolution, and detail the research progress of graph convolution models in the field of hu-
man skeleton action recognition from two perspectives of adjacency matrix and input features. Furthermore, we analyze and
compare the existing algorithms for human skeleton action recognition based on graph convolution neural networks. Finally,
we look forward to the future development direction of graph convolution neural networks in the field of human skeleton
action recognition.
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Tab.2 Performance comparison of human action recognition algorithms based on graph convolution
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