ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 38,No. 1,Jan. 2023 ,pp. 132—140 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2023. 01. 011 Tel/Fax: +86-025-84892742
© 2023 by Journal of Data Acquisition and Processing

EF CNN-LSTM YR b & ML R 1T A IR 7l
BEE, BOH', B T, HRL

(1. Ve BRSNS B S P TR 2B, vh 1101685 2. trdb K 2% {5 8 5385 TR B, KJR 030051)

W E:ASBaARLCHRATARNERE PG T THIEILERL ST IO E RS 6 B4, s % w

iﬁ%ﬁx%@i&ﬁfiﬁt RET—HHETCNNLSTM &g A ERERATARANER, ZEEF CNNH
45 1L.STM W% FF8, L P CNNM SR TR, FARTRENEHLES AHS S SHIEHAT

DAV I, B Ak A A = R e fr ol R e R P R R B e TR B KA R & A S m AR R

R FPAR IR I s B mA- > LT Eak A, A A Softmax & A e sh B o K323,

I # NTU-RGB+D # # 4 4= Kinetics % #% % J:éﬁ: B REAW, RS EER T % A E (Cross

view,CV )45 ik 8] 92.5% , F 39 35 A A (Cross subject, CS) M E 4 87.9% . Frits ikt TSt A &

M Tr ik, T VAR AR ST AR S TR S AR R A, R st TR S E L BT R R

KEIF: AMRE R ERAT AR ERAVZE M % ; KA LIL ML kb ik

FESES: TP391 XHERAR RS : A

Dangerous Behavior Recognition Based on CNN-LSTM Dual-Stream Fusion Network
GAO Zhijun', GU Qiaoyu', CHEN Ping®, HAN Zhonghua'

(1. School of Information and Control Engineering, Shenyang Jianzhu University, Shenyang 110168, China;2. School of Information

and Communication Engineering, North University of China, Taiyuan 030051, China)

Abstract: To solve the problem of insufficient spatial and temporal feature in the process of dangerous
behavior recognition, this paper improves the traditional dual-stream convolution model and proposes a
new dual-steam convolution dangerous behavior recognition model based on CNN-LSTM. In this model,
CNN network and LSTM network are connected in parallel. CNN network is used as the spatial flow. The
spatial motion attitude information of human skeleton is divided into static and dynamic. These features are
fused as the output of the spatial flow. In order to increase the ability of extracting temporal features of
human skeleton, an improved temporal sliding LSTM network is used in the time stream. Finally, the two
branches are fused in time and space, and the dangerous actions are classified and identified by Softmax.
Experimental results on NTU RGB D and Kinetics datasets show that the average cross view (CV)
accuracy of the improved model is 92.5% and the average cross subject (CS) accuracy is 87.9%. The
proposed method is superior to that before improvement and other methods. It can effectively recognize
dangerous human actions and has good discrimination effect for fuzzy actions.

Key words: human skeleton; dangerous behavior recognition; convolutional neural network (CNN); long

short-term memory ( LSTM); fusion experiment
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Table 5 Accuracy comparison of different algorithms

Bk CSHKiE/ % CV KR/ %
RES-LSTM" 76.5 87.8
Two stream-L.STM"! 77.1 85.1
ATT-RNN" 80.7 88.4
IND-RNN ™ 81.8 91.0
ST-AGCN™ 86.4 92.1
HCN™! 86.5 91.1
CNN-TS LSTM 87.9 92.5
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