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Abstract In recent decades, human action recognition (HAR) has demonstrated potential applications in
sports analysis, human-robot interaction, and large-scale signage content. In this paper, spatial temporal
attention graph convolutional network (STAGCN)-based HAR system is proposed. Spatioal-temmporal
features of skeleton sequences are assigned different weights by STAGCN, enabling the consideration of
key joints and viewpoints. From simulation results, it has been shown that the performance of the

proposed model can be improved in terms of classification accuracy in the NTU RGB+D dataset.
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Fig. 1. Architecture of proposed STAGCN based human action recognition system.
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Fig. 2. structure of STAGCN.
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Table 1. hyper-parameters for proposed model.

hyper-parameters value
batch size 32
optimizer Stochastic gradient descent (SGD)
learning rate 0.05
decay rate 0.1
epoch 80

H 2. NTU RGB+D HIO[E{Al0]| CHSH RE'H H|w.
Table 2. Comparisons of the different models using
NTU RGB+D datraset.

NTU RGB+D

Models X-sub(%) X-view(%)
JDM (CNN)® 66.8 74.9
H-RNNY 59.1 64.0
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STA-GCN 89.4 94.9
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