5539 4% 54 AR AFFR( BARIFER) Vol.39 No.4
2024 4F 12 H  Journal of Hunan University of Science and Technology ( Natural Science Edition) Dec. 2024

IhE T, TLOF TR, A AT O 2 ROBE B ARORL ] T R PR I R AL [ ) . W e BB R 222 3 ( A AR 1) |, 2024, 39
(4).:98-108. doi;:10.13582/j.cnki.1672-9102.2024.04.012

MA P F, WEI F, SHEN Y P, et al. Human Activity Recognition Model Based on Multi-Scale Convolutional-Bidirectional Gated
Recurrent Unit [ J]. Journal of Hunan University of Science and Technology ( Natural Science Edition) , 2024, 39(4) .98-108.
doi;10.13582/j.¢nki.1672-9102.2024.04.012

AEITAZ RESR I ETEEINR 5] 5

Ly, L hER B ER

CLIRE R K2 WU £ (e R 44 9 m 44 J1 S SE 6 2, W1 Rg IRV 411201,
2. [H PR R B A R R ST, WiET K1 410073,
3R R R HLE TR 2R B, i IR 411201)

W OENEARELEARTIEREETNMERREL, WA EH IR ABRATHER N E S RER
ZRETEXR P HAMHBEZHARNEFEL, RE AL TEEIINAN ZREER Y Z W% (Mulli-scale
Attention Convolutional Neural Network , MACNN) 5 X ] |'] 42 18 3 # 7T ( Bidirectional Gated Recurrent Unit, BiIGRU) #§ AKAT 4
RABARE —MEREEREN, ERERNEN T EF AT EEFMNRBRABLE R TEETETETE
B A A R BT, B S RJE CNN P ln N ERE BN, REBREART N B S P i x5 E8E, LI
ANERAT 4 6y B v # E R LR R UCE ARAT R A A 338 Ext T R T kAT R i, £ RE W TR 7 R i B a3
LRI 6 A HEE AR E FAT B KR A, Bt T 489 3 RJE CNN R A AL B4 11 87 MACNN-BiGRU # B! iy o8 o %
5 5% £,k %] 98.40%.

R AR AR S REEBRHEWL  EE LA, X m [ TEEF LT

FE 5 ES . TP391 CHRPRAERD A XEHS:1672-9102(2024) 04-0098-11

Human Activity Recognition Model Based on Multi-Scale
Convolutional-Bidirectional Gated Recurrent Unit

MA Pengfei', WEI Fen®®, SHEN Yiping', LYU Zeqiang’
(1. Hunan Provincial Key Laboratory of Health Maintenance for Mechanical Equipment, Hunan University of Science and Technology,
Xiangtan 411201, China;
2. Laboratory of Science and Technology on Integrated Logistics Support, National University of Defense Technology, Changsha 410073, China;

3. School of Mechanical and Electrical Engineering, Hunan University of Science and Technology, Xiangtan 411201, China)

Abstract; In order to realize the deep mining of the backward and forward relevant information in human activity
sensing data, and then achieve the purpose of accurately identifying human behavior patterns, meanwhile aiming
at the issue that the traditional convolutional neural networkcannot make full use of the time-series information
contained in the behavioral features, a human activity recognition model based on Multi-scale Attention
Convolutional Neural Network with attention mechanism ( MACNN ) and Bidirectional Gated Recurrent Unit
(BiGRU) is proposed. Firstly, a multi-scale convolution structure is proposed to broaden the width of the
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network and realize the extraction and dimensionality reduction of different dimensional features. Secondly, the
bi-directional gated recurrent unit is introduced to learn the correlation characteristics in the time dimension of
the signal, and thirdly, by adding convolution attention module into the aforementioned MCNN, the key
information features in human activity signals are deeply mined, and ultimately high-precision human activity
recognition is realized. The public data set of UCI-HAR is utilized to verify the validity of the proposed
recognition model. The results indicate that the proposed model can accurately classify and recognize six kinds of
typical human activity. Compared with the traditional single-scale CNN, the accuracy of the proposed model is
improved by more than 5%, and the recognition accuracy reaches 98.4%.
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F1 P ER PR A RIRITE 6 FhAR R4 7 A B i £5- G IR BCR BEAT 3 A P X A2 2 B A R A5 GE Y
CNN 5 LSTM M %% DeepConvGRU K1 CNN-LSTMs A& 811" CNN-BiGRU A& 8 1 JC i 7 1 ML (1)
MCNN-BiGRU B# XF LU A 45 A a3k 4 fis.
k4 LT UCI-HAR $3BE 09 R R 7 ik i 4 R

7k HER 2/ % F1 4350/ %
CNN 92.70 92.90
LSTM 88.99 89.01
DeepConvGRU 93.85 -
CNN-LSTMs 95.93 -
CNN- BiGRU 97.13 97.30
MCNN-BiGRU 97.50 97.62
MACNN-BiGRU 98.40 98.33

H1 2 4 AT BA— TR B 2% 2 J7 i 4 CNN T RNN A9 7Ef BT B AT 2 Moy ik 045 4 5 hi7E CNN i
RNN 254 (1975 29, 1T BiGRU HAT WIS ) 1 77 R0 e 1) J 1) et i A e 9 ik A7 b B 09 B, A0 LE T4 458
f) LSTM , CNN-BiGRU $2 A RAE = 5 ELUSCSSCH PR s X6 HeAT T R ALl A 1A o al 5t AR SO g
() MACNN-BiGRU 84 (1) 3 2 VERE W] A T o3 & S WL 9 MCNN-BiGRU A3, 25 bRl 0, AH L T84
TR BIAAY | Br 4 i 1Y) MACNN-BiGRU BT RS T A E 00 v BUAS: T B A RO

3 Z#

1) 38 i 22 RGP 2 M 455248 5 N AAT A AL B DI SC B R i 2 [ RRAE 65 B, 76 MCNN 1B FRUR
A CBAM,, fili HC 75 245 0] 24k B2 HE G 48 3 b s KR s R X T SC Bt 5 R A SRR ), RORER ™ T
B AR S UM B

2) 51 BiIGRU FEAMZHAE 5 B i 6] P 2045 S, 38 56k i 15 2 =2 18] BB 3%, e 00 il i 2 N2 6 B
LML F BIGRU , AT H. o 245 (1) 4 JBE R ) 4 B8 AR5 B~ BE T, A Al 1 A 58 RN A2 o
BRI A L.

3) Fir i Y ARSI 0 TR A< T 1K 2 98.40%  AH L T A AL GERE AL HAE AN ARAT gl vh e B iy
RAERIPERE.
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