445 11
20224 1A

BT 5 B R ¥

Journal of Electronics & Information Technology

ETENE OMERHE NG ] R A MKIERNRAIFE AR
B HERY WEBY AT
Vb Tk K #8435 T 100124)
QR TMBERSM L 2R TRBAFL TS LT 100124)

8 B TG NS SR RIA DS, &k O v 5 RIS SRR AR F A B3 ) Bl I
BN E AR, RN IHE N o SR T NS B AR IE B A b 45 NAARTE ) 1 ARE, SR T
AR IRARRR B9 N TE SN, FRRINE T BB o 2y 5 A B A B S sh BB A — o7k R, SN E
PR S N TSR # 40 ARGBA BB 778, F & T ARSI IR ST 2 M 4% (HAR-CNN); i
JGi, ARYEATFNRTE S EAE 4 Opportunity B B HAR-CNNSZ B 33047 7 9230 M. S2ie 45 %, HAR-CNNX}
JE S AV ) R AT A AAVE BRI R F U 23 S B T 90%F192%,  [F)B S B RAFIIE AT A%

KR ANMVESIN): RHESRIG BRI, WEIE H: RGBAZE
hE DS TNI11.7; TP391 XHRFRIRES: A

DOI: 10.11999/JEIT200942

XEHS: 1009-5896(2022)01-0168-10

Human Activity Recognition Technology Based on Sliding Window
and Convolutional Neural Network

HE Jian®®  GUO Zelong®? SU Yuhan?

®(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)
X

LIU Leyuan®

Beijing Engineering Research Center for IOT Software and Systems, Beijing 100124, China)

Abstract: Due to the lack of unified human activity model and related specifications, the existing wearable
human activity recognition technology uses different types, numbers and deployment locations of sensors, and
affects its promotion and application. Based on the analysis of human activity skeleton characteristics and
human activity mechanics, a human activity model based on Cartesian coordinates is established and the
normalization method of activity sensor deployment location and activity data in the model is standardized;
Secondly, a sliding window technique is introduced to establish a mapping method to convert human activity
data into RGB bitmap, and a Convolutional Neural Network is designed for Human Activity Recognition
(HAR-CNN); Finally, a HAR-CNN instance is created and experimentally tested based on the public human
activity dataset Opportunity. The experimental results show that HAR-CNN achieves the F1 values of 90% and
92% for periodic repetitive activity and discrete human activity recognition, respectively, while the algorithm
has good operational efficiency.
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NULL 90 91 92 92
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