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Abstract: Difficulty of human behavior recognition lies in the fact that the target behavior only occupies a small part of the video scene and is
easily influenced by complex poses and background information. Moreover, existing human behavior recognition methods need to improve in
handling global feature extraction and long—distance dependency relationships. To this end, a network model combining dual stream network
and dual attention mechanism, and integrating large selection kernel convolution, is proposed. Firstly, the model utilizes a dual stream net-
work to perform point level feature extraction and preliminary global feature extraction on both static skeletal information features and dynamic
temporal features; Secondly, utilizing large selection kernel convolution and dual attention network to capture long-range dependencies for
global feature extraction. Experiments on the NTU RGB+D and SBU Kinect Interaction datasets show that the proposed algorithm effectively
improves its ability to handle long—distance dependencies through a dual attention mechanism and large selection kernel convolution. The accu-
racy of human behavior recognition tasks is significantly improved, especially when it comes to remote collaborative interactive actions.
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Fig.8 Confusion matrix after the 200th and 400th rounds of training
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Fig. 9 Difference in accuracy of some actions between the proposed
method and HCN method on the NTU RGB+D dataset
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Table 2 Experimental results of different models on NTU RGB+D da-

taset

%2 AFEHEBZENTURGB+D#iE5&E ISR &R
- : R /% .

cs Cv
STA-LSTM"! 73.4 81.2
Clips+CNN+MTLN!'3 79.6 84.8
VA-LSTM! ! 79.2 87.7
Two-stream CNN*/ 83.2 89.3
HCNH® 86.5 91.1

A’TLS-HCN 89.6 93.2
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0.3%.
Table 3 Experimental results of different models on the SBU Kinect

Interaction dataset

#£3 A EHEBELESBU Kinect Interaction {384 FHISSIG AR

g HER /%
Raw skeleton*" 79.4
Joint feature!*"” 86.9
ST-LSTM !+ 88.6
Co-occurrence RNN!#! 90.4
STA-LSTM'* 91.5
ST-LSTM+Trust Gate'** 93.3
VA-LSTM"* 97.6
HCN 98.6
A’TLS-HCN 98.9

R T B 2B AR XU T ) 5 R e A A AR A T
ARSI, JEAT T LATR IF fl S50« 700 2545 A°TLS-HCN £ !
HA B XU 3 5 R PR A A BB 7 NTU RGB+D %
HE4EH1 SBU Kinect Inter—action 085 5 b JEAT5255 , 25 540
F4 KSR, LTSN, A°TLK-HCN #£ NTU RGB+D %
HE4EF1 SBU Kinect Interaction B #4E [ 1R I IELAL T H
b AR, UESE T U T Ry AL 5 DR R A A R X A o
) 42 Ry R AR B AT RS 48 i 2 A Ak B B B AR OC 3%
I B RACR L, ELIS AT A S 18 A AR TE W Y, 3R B o
A4 JRy FFAIE 1 257 T O G b igp RS [) AR 2 5

Table 4 Ablation experiments on the NTU RGB+D dataset

%4 7ENTU RGB+D ##E5E EHiHRISE0

_— _ HER 1% :
cs cv
HCN 86.5 91.1
HCN+LSKNet 87.0 91.8
HCN+A>-Nels 87.5 92.7
A’TLS-HCN 89.6 93.2
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Table 5 Ablation experiments on the SBU Kinect Interaction dataset

#*&5 7 SBU Kinect Interaction #[3#E4% FRUE R SLI6

D5k HERH /%

HCN 98.6
HCN+LSKNet 98.8
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A’TLS-HCN 98.9
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