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Human Behavior Recognition Based on Multi-stream Adaptive
Spatio-temporal Graph Convolutional Networks
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Abstract : Aiming the problems of insufficient mining of temporal and spatial features in current human action recognition
algorithms ,a human skeleton action recognition model based on multi-stream adaptive spatio-temporal graph convolutional
networks is proposed in this paper. Firstly,the attention mechanism and neural tensor network (NTN ) algorithm are used
to solve the connection strength between each pair of nodes, and the global adjacency matrix is constructed. Then,topK
strategy is used to dynamically select the first K neighbor nodes according to the connection strength and update the
global adjacency matrix. Next a hybrid pooling model is used to extract the global context information and time key frame
features. By modeling joint information , bone information, joint movement information and bone movement information , the
ability of the features extracted from the model to represent the movement is strengthened. Finally, experiments are
carried out on the data set NTU-RGB+D. The results show that the model has a good performance in the task of human
skeleton action recognition,and effectively improves the accuracy of action recognition.
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Fig.3 Schematic diagram of the architecture of the adaptive graph convolutional layer
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Fig. 5 The overall structural framework of the model
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Table 5 Recognition accuracy of multiple models on the NTU-RGB+D dataset %

B ST-GCNDS) PeGONI') 3D-GONI™2) Co-ConvT! P! 25-AGCNT®) CGCNI7) KA-AGTNI™!  JA-ASGCN) STFE-GCN['5-'6) MsAST-GCN
X-Sub  81.50 85.60 86.40 88.10 88.50 88.68 88.80 90.50 89.80 89.50
X-View  88.30 93.40 92.10 94.30 95.10 95.55 94.60 95.80 96.00 96.81

SE GRS ERBIE 55 Fp R B LA AR AE — SE U RS R, AnXs T3 f - Bl e A 4 48 1R

V. BCATREUET B IZE RS LA — R ML, T A S0 LT B 463 FF R RS 3D ) | T
YRR 4 eV 13K BT MO AR DR . 75 BB 55 B ®o BHHEGRIEMESHEE

@ ﬂé ” fj] ,T/E E(JT/D\ jt:m EP ;F;i; ﬂ (tEl': (ﬁ %;iij—ér%— . ﬁ*ﬁy\ ﬂf] LS‘( 5 i Table 6 Recognition accuracy and error rate

of some actions %

BTSSP S EL BT 36, 5 BOR I L B
DSy, R AT B R S e e DT R B B LR
(F6) , AT RS (OB, R b gy DRIR S8 es o0d
HILLZ SR M B 7 — 2 TR M

4 g

ARSCHR T — Bl 2230 11 32 07 P 2 P 25 BRI 2% 19 AP s VR TRUBIRSERY. (f FHE R HLAR AN NTIN B3k
THESCTY L B] B e B AR JR AR REL I, IR ] topK SR AR BRI K 4R35 i, BB 42 SRy 4T 4
FEE D TR R MR 2 /G R . SRANR A AR SR B 42 Jy b T SCRAAE R 18] SCHE WURAAIE | 72— 20 58
SIREURTRIRAIE. X 5C0Y (B SR 12 S A S {5 S R I AT A, ik — 2D s 1 AT i BA Rk
Xt R AL BE

FIAERE W], MsAST-GCN BERIAE AR 8% SR FUINE 55 h UG 1 RAFIOPERE A RER = T i fER
B EIHERG R SEIRARACGIEN T 23 ALE P SRR T S R IR et s $e it T 2%, Rk iy
AR Lt — R HA S SR A Rl 5 7 R TR BE A2 I, [N R B e S s st 2 e, D
PE— AR TN 92 AL RE 1 A T L

[ &% 30K ]

[1] WANG J,LI Z,LIU B, et al. MGSAN: multimodal graph self-attention network for skeleton-based action recognition[ J].
Multimedia systems,2024,30(6) : 1-12.

[2] XIANG X,LI X,LIU X,et al. A GCN and transformer complementary network for skeleton-based action recognition[J].
Computer vision and image understanding,2024,249.104213.

[3] WANG Z,CHEN T. Human-UAV interactive perception:skeleton-based iterative perspective optimization algorithm for UAV
patrol tracking of large-scale pedestrian abnormal behavior[ J]. Applied soft computing,2024,167;112467.

[4] ZHANG Y,ZHAO C,YAO Y,et al. Human posture estimation and action recognition on fitness behavior and fitness[J].
Alexandria engineering journal ,2024,107 :434-442.

[5] YAN S, XIONG Y, LIN D. Spatial temporal graph convolutional networks for skeleton-based action recognition [ C ]//
Proceedings of the 32nd AAAI Conference on Artificial Intelligence. New Orleans, USA ; AAAI Press,2018.7444-7452.

[6] ZHAO Y,WANG J,WANG H,et al. Adaptive spatiotemporal graph convolutional nerwork with intermediate aggregation of
multi-stream skeleton features for action recognition[ J]. Neurocomputing,2022,505;116-124.

[7] BAI Z,DING Q,XU H,et al. Skeleton-based similar action recognition through integrating the salient image feature into a
center-connected graph convolutional network[ J]. Neurocomputing,2022,507 :40-53.

(8] SHI L,ZHANG Y,CHENG J,et al. Two-stream adaptive graph convolutional networks for skeleton-based action recognition
[J]. The IEEE conference on computer vision and pattern recognition( CVPR). Long Beach, USA :IEEE Computer Society,
2019:12026-12035.

— 118 —



TP, A T U N SRR 2 g AR AT i)

[9]

BAI Y, DING H, BIAN S, et al. SimGNN: a neural network approach to fast similarity computation [ C ]//The 20th
Internationsl Conference on Web Search and Data Mining. Melbourne , Australia; ACM,2019.384-392.

SHAHROUDY A,LIU J,NG T,et al. NTU RGB+D:a large scale dataset for 3D human activity analysis[ C]//2016 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR). Las Vegas, USA:IEEE Computer Society,2016:1010-
1019.

YOON Y, YU J,JEON M. Predictively encoded graph convolutional network for noise-robust skeleton-based action recognition
[J]. Applied Intelligence,2022,52(3) :2317-2331.

ZHANG G,WEN S, LI S,et al. Fast 3D-graph convolutional networks for skeleton-based action recognition[ J ]. Applied soft
computing,2023,145.:110575.

AURKE, RIETE . T B4R M ES B Transformer WIZ5[ 1], HLF 515 B2 4],2023,45(4) : 1485-1493.

LIU Y,ZHANG H,XU D, et al. Graph transformer network with temporal kernel attention for skeleton-based action recognition
[J]. Knowledge-based systems,2022,240;108146.

R RE A S ST A R 0 P AR 2 B ST O IR BN (D], TS5 15 B 244, 2023, 45(8) 13022~
3031.

FNEE E % BOP, A BE T I )RR R 5 FE UK P A B SCE At e T [ )] AR R 2 R (A AR
i) ,2025,41(1) :1-10.

[ RERE A2

— 119 —



