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Abstract; Aiming at the problem that it is difficult to make full use of temporal and spatial domain
information for long-term action recognition, an action recognition method based on relative skele-
ton point features and temporal adaptive receptive field is proposed. Firstly, this method adds rel-
ative skeleton point features in the feature acquisition part to meet the node diversity and comple-
mentarity requirements, and respectively inputs them into the spatial graph convolution network
to obtain the local features of the adjacent joint aggregation in space. Then, a time-series adaptive

receptive field network is designed to obtain the local features of joint changes in the time domain,
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and to increase the adaptability of the network to actions of different durations. Finally, through

the decision-level fusion module, the category probability is calculated to obtain the classification

result. The simulation results show that based on the two benchmark datasets of NTU RGB-+D

and Kinetics-skeleton, compared with other mainstream methods, this method has achieved higher

recognition accuracies, which are 96. 2% and 60. 1%, respectively. The method can better extract

the discriminative temporal features of different actions, and improve the discrimination ability of

spatiotemporal action features.

Key words: Action recognition; Temporal feature extraction; Graph convolutional network; Rela-

tive skeleton point features; Temporal adaptation
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Fig. 1 Overall framework of the algorithm
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Fig. 2 Screening of source joint coordinate points
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Fig. 4 Temporal adaptive receptive field module
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Tab. 1 Recognition results on NTU RGB+ D60

dataset based on each 3D skeleton feature
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Tab. 2 Comparison of recognition results based on original

node in the baseline and the proposed module
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Tab.3 Comparison of classification accuracy of action

classes based on baseline and the proposed module
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Tab. 4 Comparison of recognition results of our method

and the current methods on the NTU RGB+ D60 dataset

WM HERE STGCN  ASGCN  2SGCN  DGCN FN'd
BEEEM 81.5%  86.8%  88.1%  89.9%  90.2%
UMM 88.3%  94.2%  94.7%  96.1%  96.2%
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Tab.5 Comparison of recognition results of our method

and the current methods on the Kinetics-skeleton dataset
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