20244 7 A
LEERE e

Journal of Zhengzhou University ( Engineering Science )

XEHS 1671-6833(2024) 04-0046-07
ETEAHMERESREEMENAEITAIRANAE

e 1 w1 s 1 4 1 N Y2
/-j\\:k\ %ﬁ ’ ﬁ:ﬁ ﬁé 7;5\: ’ @]3 é&l ’ IK/? % ’ 2 K %ﬁ
(LR N RS Bl 75 P TR 22 e V095 3N 21300052, N 2% HAEHLS A TR RE=ABe , TL 95 JH 213000)

B OB ATTEFREBRBOARITARAN T ERERIF AL R FIHBERFEZ NG EME L, L2%RT
HFEHAZEOBERZ, 44X —FM 28 T R IEA & A IE 0y B K RA7 2 M LB A 347 Ak 3h 4
RA, A, AT N EOERKIBREBETONMASLLE, - FHENTTEARRESTOENFIENIZBEA LR
M BB FEEMBIETRANEBAR BN EEAFEEBZAES P T R Yra, LR F RS HHEE
R E HEIX 2 YRR AFARG R R B AR ZE R AN, RA IR AR 4 A
HEAEVE A M MNSFIE,, RG MANFIEL EMANGINEMES BRI RL S EER, AT HEERER G,
# WHARF #= DataFgo # #% % Li# 477 SR BIE, FREREAV . TRERG FI o LA A TERFZER
% AR £ WHARF #= DataEgo L3 A 42 ,WHARF & #% % L F1 & &3 19.58 § 4% ,Databgo # L L F1 & &

M K 2 (T %) Jul. 2024
Vol. 45 No. 4

#2644 B 5L ERRE BB A IRIRDESHRES AL HHERA R
KR BAERNZEMNL, TFHESE; AMRITARAN,;, B2 H,; HERRKR

FES %S TP39I XERFREAD A

RSk VI R R Rl NN SN
S Az A n) 52 B AL 2 0 )T T A5 R R
£ AEAE B 5 /0, AN K B RL [0 8 LA K By T 4R L AE
BRER A P R S, W N AT A B
JEOREE BB R R N AT N B U, e
ERYJUAE B L& 22 o kW gl TN 2R AT S R G
(human activity recognition, HAR) S5 W 9 F Y H
. Chen 25 42 T — A B FUM £5 N 4 (convolu-
tional neural networks, CNNs) MR X 35 FUAZ #1715
e LA B BE T AL A =k d B T ok U 26
50, Ignatov® K CNNs 48 BUAY J5 0 45 fF 5 B [a]
FEI MG RR R A 25 & R B OC T IR IR (R o 1 4
JEREAEAS K. Wang 551 $2 th FH 43 2 R B K e B
CIC R 25 W 2 4 U A5 5 B0 I Sl R AR IR E 58
IO ST S5 o Su SE T AR R UL In] K e B e A2 A5
RV AT 51 5 6 B0 A B 0L ) i ) i SRS
4] CNNs D 1] it b £2 B0)m) AR AR A, 56 T K
FLIICAZ B 28 T 45 1 T 1 25 08 3 T ) 5 Y 1

I 5 B #9.2023-11-16; 18T H #§ :2023-12-28

doi:10. 13705/j. issn. 1671-6833. 2024. 04. 002

TRy AR B A 20w T TR R S 1 R A Z ) Y
FHOCAE . G A, 3k 88 4% 58 T 2% ) 5 125 10 5 ik 42
BB TR e B | B = X B b B ) S5 S
KAFBEWMER,

5 B I R R A0 A5 5 A [ AR R S TE] A9 1 2
M4 7R R AME R . RIS B 22 M 2% ((graph
convolutional neural networks, GCNs) [ FL 5% K A9 4
FRAE 7 R LA 1 i R M A TR B A S I AR Y
H AR A #8598 548 FFH GCNs 2k 27 >J Fl4Z 4 7 28
AR AR R R 9 N AT A5 5 A BB Hh G R
Ahmad 55" U4 H R H B i) 41 A Bt TR
HAR #:46 Jy I 254 il 18 GCNs 3R A B 3 bE A RRAE
SEP AU, X R TR A 3 D7 v U A AR A
SRR R I) B IR PP 4 O 2R S8 AR BAL s, A e
JEEEAR B IR 25 W9 15 B . Donner %1 B45 T 3 Ff
A4 I 18] 3 91 e 48 Sl EUIE 1) s T ik B T M 4% 56 7%
k2% Fnl ML, K S AT A B (Chorizontal visibility
graph, HVG)“‘W’ﬁﬂvﬁﬂﬂl’é—lE@fﬁﬁ’ﬁt,%ﬁ#lﬂf?ﬁﬂ%

HEEWMB . HRXARBFIEE TR H (62201093) ;& M i B 47 71 % B3 H (€J20235026) ; V195 4 BF 58 A BH0F 5 58

B3R5 H (KYCX23_3070)

YEF B A 2358 (1993— ) 2,y w9 3 BN, % M DR 24 RO, 1t | 32 8 N 5 8030 42 38 0F 5, B-mail ; 1izhixin2021@ cezu.

edu. cn,

SIR AR A2 00T R BE SRR, 45 R TR S R AE R 4 AR 22 26 9 N ARAT S U 7 L [ ] SN R 2422 3R (%)
2024,45(4) .46-52. (LI Z X, SHANG F Q, HUAN Z,et al. Human activity recognition based on hybrid feature
graph convolutional neural network [ J]. Journal of Zhengzhou University ( Engineering Science ), 2024, 45

(4):46-52.)



54 #

BT, S T IR AL I A AR 2 I 45 0 A AR AT D U O vk 47

ek DB (4 TRl isp O B8 1 6 18] 51 40 4D 5 3 A R AE
Li %1138 s A K S a2 R A S R
A s P O3 2o P [ A ) 2% X IRTTE R AT 43 26, X
Ty 2T R T R AE S Z B S5 A 15 B, 0 20
TREAR Z 18] A A B AR

N DR e B AR SR T — IR S S5
¢ AIE B A5 4R AiE Y GCNs ( graph convolutional neural
networks with hybrid time-frequency and construction
characteristics, HTC-GCN) , H .0y B Z ¥ HVGC
ey At I 23 PR B 48 Sl 35 L O HLTE B A R URRAIE 1
TR Z AR D S BUAREAS B B LA RORE AR 22 JH] Y £
B,

AR ERTARCSELIT 3 D J7i

(1) ¥ HVG ) g i I =5 18 3R 7R o $ir 3 iz 0 S
W 5 388 2k 1 58 figp A B Bl AR AR A B0 25 A8 R i LAAZ 4
R 0] B 3 A5

(2) TE AR S I 18] 5 51 4 295 4 R AE Hhom AR
B, 55 A 23 [ rpo B S A0 S s T i S
Wi, — 2P iR A R A IS RE T

(3) WIT 1 — AR & I J30URR AR R 25 4 R AE Y

B RFAE R

bl

RS

[ mair

’ \\ / . \
! " ; Actiofy 3
1 \ !
\ ) /
\ SN\ 7/
“Action 1./ -7
Lon,
IR, | /

GCNs A5 1Y | 5 JIR 45 F4 4 1iF 32 B 23 61 40 5 ¢ & 5 i
MR R R, i — 20 e s A A A R I BE )
1 ANEITARANFE

AL TAEBFEE ST —> HTC-GCN BLAL (& 1
TR ) WAL 48 HAR 7 ik i A5 5 45 # R AiF 42
YR M F 1) 5 4R 2% GCNs 78 7T 22 8 2 HAR 47Uk 19
AR, HTC-GCN A% .0 BB AR AJE 25 44 1k 1) [
L SR e N U R A I N Qi 87 & R (=
S B URAE 38 BR AR S T T AE B A5 A A B
AR ZE R REAE . N I, R SO A 3 g /N DA AR 6
WS S b B IHBUERAE F,, [R)IE SR 0 3 7 307 4
MR HVG 340 1 1 ik 2 1, 9 1 I 52 40 fie 42
BUEhEE S RS ERIE F o, HOR IS IE F, 5
GERIRRIE F 254 00 1 1 i 22 I 4% i ARRIE X, I
A, 25 R BN SRR 1 R 43 38 i W B B 0 SR B
HVG A4 8 i FEAS 0 FINMFAE 25 5, A% SOFI A B 00 R 41T
918 GCNs W% A# b, S5, 8 I 25w )2 B 4G
RURSHL  ffifi A RRAE X 7650 A0 IR 1AL 3%, e
1850 AT S5 AR MEE H,

FE 44 0 A R

g s 7 N

[ 4 -
\\ , /r ;}
\Agiloll,z g
—_— g”: -
B BURFAIE
F#ld d....d,))

L /1281
[l 128 e [IZXIZK ]

EDAEOL Y E

| |xm:[;.,,az,,,,,Alzx,dl,d,,,,,dn]

ol wll&:l A=diag(l, Ay, . ) F =[]
s ’ m'm A ERE SRR
w cee (2812
AE R
z
| I > z Label 2 |
/ / 2
| ; Label N |
H’S(.O) H,s(- ) B
B Z M

1 FrRHEALITAHIRAEE
Figure 1 The proposed HAR model
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Human Activity Recognition Based on Hybrid Feature Graph Convolutional

Neural Network

LI Zhixin', SHANG Fangi', HUAN Zhan', CHEN Ying', LIANG Jiuzhen

(1. School of Microelectronics and Control Engineering, Changzhou University, Changzhou 213000, China; 2. School of Computer Sci-
ence and Artificial Intelligence, Changzhou University, Changzhou 213000, China)

Abstract; The existing methods for human activity recognition using wearable sensors could not capture the struc-
tural information between the sampling points of time series effectively and might ignore the potential connections
between samples. To address this issue, a graph convolutional neural network model with hybrid time-frequency
and structural characteristics was proposed for human activity recognition. Firstly, the time-frequency characteris-
tics of the original signal were obtained by wavelet-packet transform, and the spatio-temporal graph was further con-
structed to extract the structural characteristics to identify the dynamic characteristics between the sampling points.
The distance constraint was added to the structural characteristics to weaken the influence of long-distance neighbors
on the central node on the spatio-temporal graph. Considering that the extraction of structural characteristics was
greatly affected by the topological relationship of the spatio-temporal graph. The time-frequency characteristics of
the samples to construct the input topology of the graph convolutional neural network were selected, and the time-
frequency and structural characteristics were combined as the input features of the network. Finally, the input fea-
tures propagated along the input topology to obtain the final classification result. To evaluate the performance of the
proposed model, experiments were conducted on the WHARF and DataEgo datasets. Results in terms of F1 scores
indicated that the proposed model outperformed existing convolutional neural network-based methods, achieving a
maximum improvement of 19. 58 percentage points on the WHARF dataset and 26. 44 percentage points on the Da-
taEgo dataset. It demonstrated that the proposed model could effectively enhance the capability of activity recogni-
tion by exploiting dynamic characteristics.

Keywords: graph convolutional neural networks; wearable device; human activity recognition; spatio-temporal

graph; feature extraction



