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Research on the improved ST-GCN method for human action

recognition by integrating spatiotemporal attention
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Abstract  Aiming at the problem that existing human skeleton action recognition algorithms cannot fully explore the
spatiotemporal features of motion, an improved graph convolutional network model based on fusion of spatiotemporal
attention is proposed. This model includes spatial attention mechanism and temporal attention mechanism, utilizing
spatiotemporal attention mechanism to extract global spatiotemporal features of actions from both temporal and spatial
dimensions. Integrating these two into a unified spatiotemporal graph convolutional network (ST-GCN) framework enables
end-to-end training. Comparative experiments on two publicly available datasets, Kinetics and NTU RGB+D, have shown
that the improved model achieves a Top-1 accuracy of 82.37% under the CS standard on the NTU RGB+D dataset, and a
Top-1 accuracy of 89.84% under the CV standard. Compared with the original ST-GCN algorithm, the improved model
achieves a Top-1 accuracy of 0.87% and a Top-5 accuracy of 1.54%, respectively. On the Kinetics dataset, the improved
model achieved an accuracy of 31.78%, which is 1.08% higher than ST-GCN. This validates the effectiveness of the
improved method.
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Tab. 2 Data set information
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Tab.3 Accuracy on NTU-RGB+D dataset 1%
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Lie Group 50.10 82.80
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Tab. 4 Accuracy on Kinetics dataset 1%
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