2405593
20214F9

HiETHE SOFTWARE ENGINEERING

Vol.24 No.9
Sep. 2021

WEHE . 2096-1472(2021)-09-24-03

DOI:10.19644/j.cnki.issn2096-1472.2021.09.006

ETREFI B SRS RS E R3]

&R WS, SREREL, THERE, T

(WL TR FHME B FHIEFFE, Sz AN 310018)
BAWW1909@126.com; huxuxiao@zju.edu.cn; wuyuecheng@126.com;
3296362443(@qq.com; wangjiajial 118@163.com

B E. TEASRMSS RIS,

PRIRIRARE , W, Z9M. LI, RaBeR, 3

BE RN EFIRALEY SEEMED ZERAGT AR, FHuX L@, 42 068 5T Uo R SlowFast M 25 1) AR S1E R
BT, DA AR R DA St v [ R TR RS [ (5 6L . @ SR+ 1)DE R 2B I B R R HEA T X L, T2

PERYSlowFast W Z8 AU AERA i 3 AR 23 AN 7 T AR R L TR GFAOTERE,  REAS A A0

PRI P

AR T AR S)

K. NESERS] BRREAESTMAER L, 1EE R, RERKR, EAUEES

HESES: TP249 ICHFRIRE: A

4

Human Motion Recognition in Escalator, 'd%ased on Deep Learning

WANG Wei, HU Xuxiao, WU Yueclieng,

( School of Machinery and Automatic Cont’, Zhelig
SIWW1909@126.com; huxuxiao@zju.edu.cn; wu; ng(@

Abstract: In human motion reco.

occlusion, multiple viewing angle
to inaccurate motion classificatf
recognition method based

in the continuous video

G Nannan, WANG lJia

ition in escalator scene video, the instability of the video data source, such as
ation, low resolution, dynamic background, and background confusion, leads
tection. Aiming at these problems, this paper proposes to use a human motion
ved SlowFast network to better capture the temporal and spatial information hidden

mpared with the recognition accuracy of the R (2+1) D convolutional network model, the

improved SlowFast network model has achieved better performance in motion classification and detection in videos, and can

effectively solve the problem of Human body motion recognition in escalator scene.
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1 5|5 (Introduction)
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Tab.l Comparison of network model performance
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top—1 top—5
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Fi Villegfframe examples of correct recognition in
+1)D network
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Fig.4 Video frame examples of error recognition in
R(2+1)D network
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Fig.5 Video frame examples of correct recognition in
SlowFast network
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