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Spatiotemporally Enhanced Dual-branch Graph Convolutional Network for
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Abstract: There are issues with existing graph convolution methods for skeleton-based action recognition, such as fixed joint seg-
mentation, an emphasis on spatial information while neglecting temporal information, and a high number of network parameters.To
address these issues, firstly, the information of symmetric joint is introduced to increase the interactive features of symmetric action.
Secondly, the Multi-scale pyramid (MSP) time graph convolution module is added to form a Dual-branch (DB) network structure to
improve the ability of the network to extract time dimension information. Finally, this study employs feature mapping and spatial ag-
gregation (FM-SA) to filter out redundant parts in the weight matrix while preserving the original topological structure information,
and incorporate a Squeeze-and-Excitation (SE) module to effectively enhance the extraction of spatial features and the expressive
power of the feature maps. The experimental results show that compared with the benchmark model, the number of network parame-

ters is reduced by 51%, the recognition accuracy of joint and bone flow on the NTU RGB+D 120 dataset is increased by 0.5% and
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1.3%, and the fusion accuracy is increased by 0.7% and 0.5%. The recognition accuracy of NTU RGB+D and NW-UCLA datasets is
increased by 0.1%, 0.2% and 1.5%, respectively. The validity and feasibility of this model are verified.

Key words: skeleton behavior recognition; joint partitioning; spatiotemporal information enhancement; multi-scale pyramid; map-

ping aggregation
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Table 3  Accuracy (%) comparison of our models on different

streams
i CTR-GCN/%  STEDB-GCN (Ours)/ %
Bone 85.7 87.0
Joint 84.9 85.4
Bone motion 81.2 82.5
Joint motion 81.4 82.4

2% 3 A AT, A SCARE A AR DO AN A ofE R
T CTR-GCN 43 51 48 % 17 1.3% . 0.6% .
1.3% A1 1%, B S AR S0 J7 % R AAE A i B AR
CTR-GCN py Hfilh B35 hn 7 4h b 82 7 X, W
B JE) B3 AR R s ) B B2 R AT T ek
AE % o 4 AR R B OIS M5 B, IR AE R
98 IE T A SRR X T AN A A RhE R A
HYE S

ST B E T R O R B R B A R, DA
CTR-GCN 1E 2 & i, 43 0 X JLAS #58 Je dk A7 5
E, SERG 45 AN 3R 4 iR o A SCHRE 19 45 el it
e 5 CTR-GCN 88, 76 2 50m AR B A 1
A B ) R AR X R AT (ST) VR E R
AW (FM-SA) £ RJE 4 F 15 (MSP) = /M5
B A W T, 25 5 UE T T B AR A 1

A7 R0 0T R

%4 NTURGB+D#=NTU RGB+D 120 ##% % X-sub F i}
kSR B 6h SRR A (%)
Table 4 Accuracy (%) of single flow recognition in ablation
experiments under X-sub with NTU RGB+D and
NTU RGB+D 120 data sets

N ZHE NTURGBH NTU RGB+

ik /M D120 (Bone)/ % D (joint-motion)/ %
CTR-GCN(baseline) 4.5 85.69 87.88
Ours w/0 SJ 2.2 86.96 88.45
Ours w/o SE 2.2 85.84 88.11
Ours w/o FM-SA 3.0 86.97 88.39
Ours w/0 MSP 1.9 86.07 88.29
Ours w/o DB 2.3 85.95 87.98
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Table S Verification of stability on the accuracy (%) of the models

Ktk A /% 2/% 3/% FHREREE/ % Ji 2%
NTU RGB+D 120 X-sub(joint) 84.9 85.2 85.4 85.17 0.042
NTU RGB+D X-sub(bone-motion) 87.4 87.6 87.7 87.57 0.016
NW-UCLA Bone 92.1 92.2 92.5 92.27 0.029
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Fig.7 Comparison chart of adjacency matrix

(The horizontal and vertical coordinates correspond to the numbers of the 25 nodes. )
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Fig. 8 Iterative accuracy (Top-1%) (a) and iterative loss graph (b) under NTU RGB+D dataset X-view
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