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Human Activity Recognition Based on DWT-VMD Hybrid Signal Decomposition

CHEN Jinyao, LI Ruixiang, WANG Xing, SHI Weibin

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: In the application environment of human activity recognition, it is still challenging to extract
sufficiently reliable features from the original sensor data. The hybrid signal decomposition technology of
discrete wavelet transform (DWT) and variational mode decomposition (VMD) is used to extract the
salient feature vectors from the original sensor signals to identify various human activities. Using a variety
of machine learning classification algorithms, such as K-nearest neighbor, random forest, LightGBM and
XGBoost, the effectiveness of the proposed algorithm is tested on UCI-HAR and SCUT-NAA data sets.
Experimental results show that by using the hybrid signal decomposition technology, the recognition
accuracy of all classification algorithms has been improved, with the maximum classification accuracy of
98.91% for UCI-HAR dataset, which has improved by 1.79% compared to not joining the decomposition
algorithm. The maximum classification accuracy of SCUT-NAA dataset reaches 95.52% , which has
improved by 3.2%. In human activity recognition, through the use of DWT-VMD hybrid signal
decomposition technique, more effective features can be extracted from the original signal and the

recognition accuracy can be further improved, showing the certain practical value of the technique.
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SCik [ 31 1) AR R H] 51 43 A (Rank preserving discriminant analysis, RPDA ) fI KNN #4747 AR 51, H 78
SCUT-NAA $#i 4 b A7 5 0 A R 30k, HE 525 89.1 % ; SCHR[ 32 14 it 17 28 T4 Mk 1 43 #7 (Lin-
ear predictive analysis, LPA) B F5 fiF $2 B J7 5, 76 SCUT-NAA £ 4 48 b ¥E 17 5604k, RF #E % 1] 15
90% .

ARSCEIES DT LG A W 3 TR o Al LANLER B, 7E L g s ) O, AR SCHR A 3 T
DW T-VMD IR G 15 5 20 i B AR 19 AR 36 Sh U 375 38 80 T Henn A B & i U E IR . AE R 22 )
T, AN (R E5 4 48 1) /N X 553 1 32 47 I B) A5 KB i, il - SCUT B8 48 e A, b 31 3 e 0 2 O 22 119
], AR AR SR AT R BUAS T 80 0 BB, T DR TR B 2 2 Sk o TR 2R ) BOARAE R 2 I 1 S
T R R AT T I A 2 T 4 2 R s T DI G R R R A R R . S M B A SRk
T 1T I B B AR B TE S ) YA BRS04 S . (E A — SR 0, A SRR A M A R T i TR
FEAF B o B AR D7 s ML 2 2 B R B 2 2] S AR SCO L B T R AT DR AR
e P18 S T 8 23R R R ) AR

R3 KNAESHEHARILL

Table 3 Comparison between the proposed method and historical research

sk KR B Acc Pre R F, At 1] /min
CHk[26] 0.899 9 0.87 0.83 — —
) KNN
AT 0.9133 0.91 0.91 0.91 7.1
CHik[27] RE 0.9185 0.91 0.91 0.91 —
AR 0.975 0 0.97 0.97 0.97 7.1
UCIFHAR SCHik[28] 0.9316 — — — —
LGBM
ARSI 0.988 7 0.98 0.98 0.98 10.3
CHik[29] 0.887 3 — 0.88 0.88 —
XGB
AT 0.989 1 0.99 0.99 0.99 10.6
SCHkR[30] 3D-CNN 0.946 8 33.21
CHik[31] 0.8910 — — — —
) KNN
ATy 0.907 9 0.91 0.91 0.91 12.1
SCUT-NAA —
CHik[32] RE 0.900 0 — — — —

ARSIk 0.9152 0.92 0.92 0.91 12.1
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2.3.2 DWT-VMD RA&1Z5 5 F ko A 0k

H T R AE DWT-VMD IR & 15 55 70 i 5035 18 20k, 43 51 A DWT . VMD Pk & DWT-VMD iE &
5 5o i, T 20 25 25 SR 1 B

PLSCUT-NAA ¥4 4 1) XGB 43 85035 R ], 45 R an 18l 6 it o [ 6 (a) g A AATAR] 43 fift 3595 1)
TRVEH B 6(b) AU A DWT 532k IR W6 B L B 6 (o) AU A VMD 53k R 51 B 6(d) R
bn/\DWT VMD IR A5 5 0 i Bk R S MR . e 6 v i DUWEL R, [ RE N Bk GERRbE SR8

JURN 2 938 % 2 5 BRI, I N R SCUT-NAA K4 4 78 50 0 8ot R 45 b i 7 — /S5 I a8
%%éﬂf 132 B 3 B v A% RS T AR B 32 Bl 80 728 Th AT BR i ALY .

& 6 (a) A1 (b) AT LAt DW T 20 fif 5032 9 I A R 8% L A% B A0 RUEIE 00 v 1 R 38 2 v,
RIS T 6% SRR T 4.4%, BE 6C(a) M ()X W, A VMD & k5, bR B B A R
U R A AT BT R T, o B4R R T 3.3% . ME 6(a) F1(d) i n] LA H, BBk AR 1, B A5 36 3 34
BT Hp ERRBIRIEE T 104% B RE T 71%, FHEIEE T 6.7% , BERT T5.1%. hit
Al UL, DWT F VMD 9 88 i F# 15 X5 55 W 1 RIS 8l BT 547 19 X 0 et . DWT 53k 0T DO 5 43
fiff S AS [ 00 361X i) (1 1307 455 5, DA I 42 B A5 5 A A SR AR A, L AT L3 3o 98 AN [R) RUJEE 1) 77 £ 5

B Acc - Acc
%575 [zl 0.001 0.002 0.011 0.007 0.000 0.002 0.000 575 [XEE 0.002 0.003 0.008 0.000 0.009  0.000 0.002 0.000
Tk [o019 0.042 0.001 0.010 0.006 0.010 0.013 0.038 0.011 THE 0.0160,032 0.001 0.010 0.007 0.008 0.007  0.025 0.010
A% {0021 0.020 0.001 0.013 0.017 0.011 0.022 0.054 0.015 0.8 Bk |o.014 0022 0.001 0.011 0.015 0009 0.022| 0.024 0.006 0.8
Bk |0.001 0.005 0,001 0.001 B {0.001 0.003 oom 0.005
B 06 =/ | 0.6
) FOF (0021 0.001 w TR [0.034 0.0010003 0.002 0.001 0.004  0.001
ﬁ $#d |0.005 0.014 0.003 0.001 0.04204008 0.003/0.004 04 ﬁ 1] 0.001 0.014 0.004 0.010 0.0430.004 0.002/0.001 04
%ﬂ;‘ 0.056 0.013 0.007 0.003 0.003 0.018 0.001 %i 0.029 0.006 0.007 0.002 0.001 0.004 0.003 0.001
FEHE (0010 0.006 0.028 0.001 0.009 0.005 0.031 0.038 0.2 FEHE [0.006 0.008 0.023 0.009 0001 o.oos 0.016/0.037 0.2
{55 0010 0.016 0.023 0.016 0.009 0.0190.012 {817 |0.005 0.012 0.011 0.014 0.001 0.012 o.ooso,oos
‘I%iﬁ 0.009 0.017 0.001 0.011 0.001 0.003 0.049 0.011 00 ‘B&i 0.006 0.015 0.005 0.010 0.002 0.006 0.050 0007 00
% & S & @ 0 & ’&”(9 X% & H S & @ N kK
AT TR TR FATYT TR VRIS
T2 TR
(a) Without adding any decomposition algorithm (b) Adding DWT algorithm only
) Acc Acc
W o.ooz 0.004 0.001 0.009 0.001 0.007 0.002  0.005 0.001 W o001 oot o006 0o fooo] a0z lowesl o3
T 0.0210A053 0.001 0.012 0.007 0.002 0.010 0.022 0.009 T 0_0130_032 oot oo sosaloesalsarel s
Tk 0.024 04032 0.012 0.014 0.004 0.028 0.043 0.009 0.8 Rk |oon 0.0180.001 0011 0.009 0.001 0.014 0.011 0.002 0.8
g |01 0.006 o002 R 0001 0011 0.001 B {0001 0002 0_0010_001 0.003
= 06 fo— 0.6
@ ok 0.047 (2aad 0-004 0.005 @ Tk (0027 0.0010.003 0.003
ﬁ g |0.004 0.009 0008 0.012 0.0470.003 0.006 0.003 0.4 ﬁ i |0.002 0.006 0.004 0.003 0.043 0.003 0.004/0.003 04
s (0053 0.001 0.003 0.003 04001 0.007 0.001 B (0017 0.002 0002 0.001 00020.001 0.005
g 0014 0009 0021 0.007 0.0020.028 0.058 0.2 s |0005 0003 0017 0.010 0.003 0.0010.014 0.039 0.2
0.011 0.010 0.029 0.014 0.009 0.014 X 0.009 003 0.006 0. 015 0.001 0.002 0.007 X2 0.
Bl . f5]% |0003 0.006 0015 0.015 0.001 0.002 00070004
Pz [oou 0017 0010 0.011 0.001 0.001 0.052 0020 0.0 Bzt (0005 0.009 0003 0.010 0.001 0.005 0.045 0009 0.0

FEF BT S I P FEF BT S I I
ISl it ES
(c) Adding VMD algorithm only (d) Adding DWT-VMD hybrid signal decomposition algorithm
K6 SCUT-NAA B 5 A [ 73 fift 515 1018 8 I
Fig.6 Confusion matrices adding different decomposition algorithms on SCUT-NAA dataset
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Sk AR BUAS ] Bsf ] [0 8 (34 Jm) B AR AIE o 33X — R AT Bl F X 00 50 IRV (032 s X, n A R T A8 L B R £
A, TE IR RS0 3 _E PO [E], B 76 6 FH DW T 5303k 0 17 R0 AF 42 BUIE , 3 2852 3 AR5 =2 ] 1 22 57 3 o
B, IR 8 T e AT AR B ERR 2R . VMID 803k nT DLE— 25 55 Bl 32 BN 1A 3V (A8 25 R AE , 90/ i
F M A R P A R s

ST B AR SC BT 4R UOHE R A RO, A 2S8R ik 2 K T 109K, 7E UCIFHAR A SCUT-NAA %4
8 L3 MEREFE R oy i an e A MR 5 TR o f T VMD Bk 40 i 9 B4~ VME 76 B[] ROl % 1 i B
SV EVRE 4TS B 22 R A B R AR AN 23 ROK AR S TP AE T g AR PR I, VMID B3k AT RE 23 A3
il AR R 43 vh S BOM 3 BB O, TS ) 4 28 MEAf % . AR 4 al SR B, AU A VMD B3k A T
A3 A B35 KNI (14 V0 0 56 A 46 AR AT T B, T JHG b 2 2R BB VR 0P R 32 52 ) o 33k o AR 35 3 )
TE J5 I 04 2 B R B G R W i, SCUT-NAA %4l 4 [ UCT-HAR #0484 RAR 2, Ik 78 % 5 1 A
SCUT-NAA Fd #1740 280, UM A VMD 53 19 4» 28 P e 358 BT TR .

HH 28 4 R 5 AT LIOULEE B, AU A B — 3 fif 3300 5 2R A 0 A R0 1 AL L 43 2 A AR A o
I, WA DW T-VMD 1R & 73 i 5505 (R e R 7E A B 48 BR8] T 4w, AR L Um A
B o3 i B P E A R L U] VMD 5 DW T BYRRAE AT UAE AT 28050 i AR BRb 72 . 4 R ML 3k
£ UCI'HAR M SCUT-NAA W 548 45 119 20 8 R AR AE 9026 DL b, il LA H XGB 43 25 4 1 350 R
el , O LGBM, Horp 3 F UCT-HAR 308 52 1R 3 1% &, LGBM FELZE A DW T-VMD R & 15
SO R SEE T 5 RIS i S E A L RO MR R R T 179 %0, SR U HE A 2R 35 B 98.77 % s XGB
BIREMARGE SRS R E R & T 1.84%, SR HEM R85 98.91 Y. X T
SCUT-NAA ¥t#84E , LGBM & EEMA DWT-VMD IR & 15 50 340k 5 RN Em R4 5 17 2.5%,
SRR ERR R K #] 93.93% s XCGB B AR G5 5 BB ARG B MR R85 T 3.2%, SRR
SHERR ATk 95.52 % .

#4 UCI-HARBUEEM N RE R MR
Table 4 Classification algorithm performance on UCI-HAR dataset

3 RTT Ik {55 o0 67 1 Acc e T 2% Pre R F,
AN 53 50 0.886 2 0.004 7 0.88 0.88 0.88
KNN LA DWT 0.878 5 0.004 3 0.88 0.88 0.88
LA VMD 0.8354 0.012 4 0.84 0.84 0.84
A DWT-VMD 0.913 3 0.003 9 0.91 0.91 0.91
E NN 5 A7 0.960 3 0.006 9 0.96 0.96 0.96
RE LA DWT 0.969 6 0.009 3 0.97 0.97 0.97
LA VMD 0.973 2 0.004 8 0.97 0.97 0.97
A DWT-VMD 0.975 0 0.003 2 0.97 0.97 0.97
ARG i 0.969 8 0.001 4 0.97 0.97 0.97
. A DWT 0.9750 0.007 8 0.98 0.98 0.98
HOBM A VMD 0.9850 0.007 3 0.98 0.98 0.98
A DWT-VMD 0.988 7 0.010 2 0.98 0.98 0.98
E NN 5 A7 0.970 9 0.002 1 0.97 0.97 0.97
NGB LA DWT 0.9651 0.002 2 0.96 0.96 0.96
LM A VMD 0.980 9 0.009 6 0.98 0.98 0.98

JIMADWT-VMD 0.989 1 0.001 6 0.99 0.99 0.99
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R5 SCUT-NAAMIBREM S X E KR
Table 5 Classification algorithm performance on SCUT-NAA dataset

STk {55 43 it 7 ik Acc R E P Pre R F,

R NA ST S 0.891 1 0.003 1 0.89 0.89 0.89

KNN LMADWT 0.901 6 0.004 8 0.90 0.90 0.90

LA VMD 0.887 1 0.002 2 0.89 0.89 0.89

A DWT-VMD 0.907 9 0.001 4 0.91 0.91 0.91

HRIMA i 5505 0.903 5 0.001 2 0.90 0.90 0.90

A DWT 0.905 7 0.002 3 0.91 0.91 0.90

K A VMD 0.8727 0.009 6 0.87 0.87 0.87

MADWT-VMD 0.915 2 0.004 8 0.92 0.92 0.91

RIMA G i 5335 0.914 3 0.009 8 0.91 0.91 0.91

LGBM {MADWT 0.9180 0.009 3 0.92 0.92 0.92
LA VMD 0.900 1 0.005 6 0.90 0.90 0.899

A DWT-VMD 0.939 3 0.001 6 0.94 0.94 0.94

RIMA S i 5505 0.923 2 0.002 1 0.92 0.92 0.92

. A DWT 0.938 9 0.010 9 0.93 0.93 0.93

Rob A VMD 0.920 8 0.003 7 0.92 0.92 0.92

MADWT-VMD 0.955 2 0.002 2 0.96 0.95 0.95

3 H£RiF

AR T —F T DWT-VMD R A& 1;%%@@&*50)%4%%%%& Wit DWT-VMD
REME S0 B AR AL B R [ UCT-HAR R SCUT-NAA K48 45 09 LA 15 5 % 5 16 B 4T L DW T
ﬁj\%’i,ﬁﬁﬂiﬁﬁﬁ’ﬂéﬁﬁ FAE . A VMD $2 AR 43 i th VM, 82 B 330380 09 S8 TR AR o SR 5 il LR AR
G0 B B B R R G AN R AR AR B A O A3 AR B0 R T A 38 SR UE R AT U R 43
X KNN . RF . LGBM Il XGB iX 4 i 73 S 85 5580 1) PR RE AT T 9P A . S 45 R W, % T UCI-HAR %X
it B 1% o e ME A R AT 3K 98.91 %6, LU AR I A AR R B 4 5 T 1.7900 5 X T SCUT-NAA %408 48 9 5 = 17
SIMER R AT 35 95.5200 4/ 1 3.2%0 . HUARIZ T RAE S KMERE LA W] 0 L (H A A TE — 5 1Y JRy B
Mo A JE TAER DL —Fh i i AL A% 2 2 Bk i BL3E BIR ah i a5 b, LUk £ 0L 1 3% 2 U3
F8 S B il Bl B2 97 FH R T o
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