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Lightweight Graph Convolution Action Recognition Algorithm Based on Multi-stream Fusion

LI Hua,ZHAO Lingdi.CHEN Yujie, YANG Yang and DU Xinzhao

College of Computer Science and Technology,Changchun University of Science and Technology,Changchun Jilin 130022, China
Abstract Traditional action recognition based on RGB-based methods is easy to be affected by problems such as light intensity
and viewing angle. Skeleton-based action recognition is less affected by these problems and has become one of the mainstream
methods. However, the current skeleton-based action recognition methods have a large number of parameters and slow operation
speed. In order to solve these problems,a multi-stream fusion lightweight graph convolution action recognition framework is pro-
posed. Firstly, the data fused with various information of joint,bone,joint motion and bone motion are input into the spatial map
convolution module. Secondly, the spatial attention mechanism is added to the spatial graph convolution module to better extract
the relationship between the joints. Finally,in the time convolution module,depthwise convolution and pointwise convolution are
used to reduce the amount of parameters. Compared with the baseline network SGN,in NTU-RGB-+ D120 dataset,the proposed
network increases by 2. 3% under cross-subject evaluation, increases by 1. 9% under cross-setup evaluation,and the number of
parameters reduces by 0.12X10°, The validity of the proposed network is verified.

Keywords Human skeleton, Action recognition, Lightweight, Attention mechanism,Graph convolution
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Table 1 Experimental setup
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Table 2 Multi-stream fusion experiment

VRS S8/ (X105) CS/ % CV/%
AM-GCN(]) 0.57 84.9 92.2
AM-GCN(J+B) 0.56 85.9 92.3
AM-GCN(J+JV) 0.56 87.5 93.5
AM-GCN(B+BV) 0.56 86. 2 91.6
AM-GCN(J+]JV+B) 0.57 88.5 94.0
AM-GCN(J+B+BV) 0.57 87.7 93.7
AM-GCN(J+]JV+B+BV) 0.56 89.3 94.7
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Table 3 Time module experiment

i3 S/ (X108) CcS/% CV/%

DW+PW 0.59 89. 2 94. 1
DW+PW+PW 0.56 89.0 94.3
DW+PW+DW 0.59 89.0 94.5
DW+PW+PW+DW 0.56 89.3 94.7
DW+PW+PW-+PW+DW 0.57 89.0 94.0
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Table 4 Recognition accuracy on NTU-RGB+ D120 dataset

%% &/ NTURGB+D60 NTU-RGB+ D120
Wk S . ot — T —
(X 10%) CS/% CV/% CS/%  SS/%
ST-GCNE12) 2018 3.10 81.5 88.3 70.7 73.2
SR-TSL25] 2018 19. 07 84.8 92. 4 74.1 79.9
RA-GCNv1l261 2019 6.21 85.9 93.5 74,4 79. 4
AS-GCNL27] 2019 9.5 86. 8 94. 2 77.9 78.5
2s-AGCNL13] 2019 6.94 88.5 95.1 82.5 84.2
SGNL18] 2020 0.69 89.0 94.5 79.5 81.5
RA-GCNv2Lz8] 2021 6.21 87.3 93.6 81.1 82.7
ST-GDN[2%J 2021 — 89.7 95.9 80. 8 82.3
Ours - 0.57 89.3 94.7 81.8 83.4
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Fig. 4 Recognition accuracy on NTU-RGB+ D60 dataset
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