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Human Activity Recognition Based on Heuristic Integrated Feature Selection

DAI Jianwei, LI Ruixiang, CHEN Jinyao, LE Yanfen, SHI Weibin

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

China)

Abstract: To address the problem that artificially extracted redundant feature sets and irrelevant feature
sets lead to the degradation of human activity recognition classification performance of wearable sensor,
this paper proposes a human activity recognition method based on heuristic integrated feature selection. The
method first selects the feature set containing power spectral density (PSD) for recognizing confusing
activities. Then, on this basis, the method screens out the lowly correlated feature subsets with the help of
Pearson correlation coefficient (PCC) method, then uses an improved sine cosine algorithm (SCA) for
features and obtains the optimal feature subset by screening the feature twice. The experimental results
show that the feature subset dimension after using this method in the data set collected in the laboratory is
34, and the recognition accuracy rate reaches 98.21%. In the public SCUT-NAA data set for comparison
experiments, the feature subset dimension is 39, lower than the feature dimension of previous research
methods, and the recognition accuracy rate reaches 96.51%.
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AARTE B (Human activity recognition, HAR) & — i L A1 g A5 28 30 1) [m) 81, 30T 4F 5k B 28 ik R
W R AR T A . HAR BT B R A2 35 B9 07 J7 1 1, B 7 e st AL 1 B R A A
WA e N0 JLEE AT A I TR 5 S G I Bk (80 A A R 0 5 e s A T AR ) A2 e, B
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M HAR B 3K BRI 2K R B8 O ok B 00 N W2 - 36 T S HL P 0 5 T T 2 3 AL ks
B9 AR G SR T vk o Bl i A 2R G809 P R, T AT AR A% R A 1 HAR TE R T AR HRUK 12 #0030
PR AE BL T, R A2 SR S0 I 5080 A5 03 3l A7 43 28 B OR3P T 1 P i B L, SRR 135 5 O
BELPR TSR B NSNS 6 LT AT S A R ) HAR BT T2 S, R 2RO S T
VE3 {5 B AE N TR HRAE TR 25 AL G R HL g 1 B0k 0 N TR B Bk A0 S F 8 4R JE DA 330 AR
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MEZWFE TAERME £l o H TR BE 2% > $OR T LA A 84 BURHIE HLAE B2 AL R 4F i 00 e ae BRI
KRR RN N A= R N o EZ SV S N M i < ARG ] BN S S B R
(9 HAR AT A ¥ 2 ) 10 £ e e, LA 5 18 S 4% 2 B0 R0 R a8 o RV 1 o e — e il
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FEARIE PR B AT T OB AL BRI T A5G AT R DAY B o R BE 4 98 5% 1% (Extreme gradient
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JE R R REAE Z IR A G PE R G AT BB AR AE R R E TR . M B HAR R IE R B BF RO F
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LD BN R AN 3R 2 B R o

*2 HIFSHEZSUSR
Table 2 HIFS algorithm implementation steps

A JEUR FEAE 4R

RS R RRAE T 4R

B 1 KR b B B0 R AIE R

(1) w1 Ak Bz 7R b AH 6 R B B - PCC = zeros(dim,dim );
(2) 3t Py 5 BRI AR i 22 8] 1) PCC(X(1));
(3)
4)

3) 15 BB A RRAL AL 1 (19 B R 0 R B 43, O B4 43 7 HE 4 (2R(7)5
4) T EFFAESCR BAE y €[ 0.6,0.8 1, i y BIBRS 20 HE4 5 5 (I HRAE
Bk 2 R TIE A PR LA R A R AR 1R R
(1) i A Bz 7R 38h Z2 8005 0% 8 I A R AIE , 900 s A (BB BRI BE 07 B M 45 TS 40
(2) 153021 A )5 7 bR BSCTE R B 4 T e P % i (2 (12)) 5
(3) BB SHL (1 oy s, ) BOYHG AR X107 2 (3X(10));
(4)
(5)

4) FI W IR BB AR RB, AN FE TULGR [9]A5 B8 (1)
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dim , 04 5 % B E 4 8RR A b 2R K 1 I i 2 2 B BN AR BERAL TS
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9 HIFS B 3] 58 28 Bl O((TX N-+1) X dim*—2X KX TX NX v
dim) , 2< KX T N FOW F dim B9 8 B0BE 00 L ph e o 00, ‘*ﬁ@;f%ﬁ

HIFS SR I ] 52 2% B 8 SCA B, #2751 Fn#fE SCA Ry BGH -
B, It HREA RO BRE R TCARRAE B RARR S

2 XWHERKSH

2.1 FHrigkr
A SCR AR IS AR 0 A B A $8 A AT 2 AT,

a0 i1 2% (Accuracy ) 2% i %R (Precision) \ £ 42 % (Recall) f1 F, prem
IR AN TR UL TR RGO PERERUAS o SR3WESL s Rkt s R AE e TR
55 0 FH T 285 R 1) 53 2R B R A5 o Fig.3 Flow chart of heuristic integrated
U R R R A RE AR B A 40 25 IO MER , Rk h feature selection
Accuracy = L (14)

TP+ TN+ FP +FN
B 7 TN 245 24 Oy S 4] v OE A 9 R, Rk xR
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Precision = ———— 15
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3 % 0 W 4 K 09 E 00 K, 3R 0k ®3 HERERREER
=K Table 3 Confusion matrix of classification results
TP T 2%
Recall = ————— 16 RS
T TP FN (16) st iE 5 b
F 40 8036 7 kG B2 RN 49 B0 28 A 8 RN S 3 88, 1A TP(EIEH]) FN(ff 5 1)
S A R B T R IR 241 FP(RIE ) TN(EZ )

_ 2*Precision*Recall

 Precision + Recall

2.2 XURESSHIEE
TEATT 2R ] PyCharm2020.2.3 #E47 S50 , i 17 B 58 8 64 47 Windows10 #E/E R 48, Ab BLER S

Intel Core i5-8300H , ML % 2% > HE 42 A scikit-learn1.0.1. A5 YI Z5 5k B2 b (09 23 28 B0 5 1988 S 8000 36 4 FF

No BHEIE R SE AL FE M I S HOR E AR N=10, i KRk 8k T=20,

*4 DEHEZNBSHIE

Table 4 Hyperparameter list of classification algorithm

F, (17)

2R 4 S HE 2R 4 WS HE
RF n_estimators 120 SVM _kernel “rbf”
RF _min_samples_split 2 LightGbm _num _leaves 100
RF _min_samples_leaf 1 LightGbm _learning _rate 0.2
SVM _gamma 0.1 LightGbm _n_estimators 200
SVM _C 1 LightGbm _boosting _type “gbdt”

HIFS J& 17 R 3 2 500 Aol ik 16 4% 5% 0 A 30 12k 09 AL M D 58, MR VA 1 536 1 LR AL o R B2 JR b
TEBCR B y W E A A S H. 78 HRERIEHE SCUT-NAA $ds 4 b 5086 & B, o BUE /Nl 15 7
TE AR IE T 4R 1 AR BOR MR D (B B A At 23 08 R A, o RO e K 23 3 BOIT 6 R AE 2 7T BB A AE LM TT
AL B S ARSC HARAH B, I o B BUE VS R B R [0.7, 1), y FYBUE L & 4 [0.6,0.8] . & B AYE
{5 %500 9 30 2o 22 RS 9 AR PE BE AR M A 41 &, I A B y=0.8 .a=0.9 {E N A= S50 1 B 15
B o %5 A R B B S 0 4 SR R Y SR o
2.3 WNEIhEEZEERFENE RS

R T o AT D) G RRAE 25 A 43 45 R R I S K SRR I B SE NS TF 1 SCUT-NAA $idis
RO T 4 BB AT D R T, LS 3 K SR P 7 A T R I ) % R AR

P ACa) Ry R K 48 (0 D) 50 2% B L T 4 (b) S SCUT-NAA B 82 1 Ty 3R 30 2 B 1] 33 08 114 A
XRS5 055 IR G IR VM 56 . AN 4(a) AT LA H R BRI A3 3 1) T 3 i 2 B8 U T AR A T 0%
BRI S T 4 (b) v, N R RIBK I 2l 1 D) 5335 285 2 I AR AR K, B 4 1 3 1 T 30 33 2 88 I T 8 Al A
AN UEAN , R E B D AR B LG ARSI DR DN X IR E AR B LR RS S AR

X N AR Bl B YR ) A, i A Ty S % B R AE F S 09 06 S 1R B RE AT X HSC e BT S5 (a)
7 R AR B A TP A I A Ty S 4 R R AE A RUIR A P L 18 5(c) AR SCUT-NAA B4 4 b R i A
Ty e 3 5% P R AE 1 TR I A B A A b R 7 T 2K, G\ AR AR R FLIC SN . MWL S AT UE L, mA
Ty B % B S T E R R B A I SCUT-NAA B4 48 5447 38 5 26 43 51 il 97.1% 45 F+ 5
98.2% .95.1% 27+ 51 96.5% . I H ¥ T SCUT-NAA S48 45 vh EREAN T RS IR G R, | . #63% 3hil
SRS BT 3.3%0 A 1.3% 3k 5k W8 AIE T EF X6 B0 5y TR A ) Ay 3R 4% 5% B R A A A b -
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Table 5 Influence of different weight settings on experimental results

FI R AR i 4 SCUT-NAA %t ¥4
Y a HEAf i A E FHIE i i A E FHIE
RIY% BIY% BIY . RIY% BIY BIY .
0.6 0.70 96.89 96.91 96.91 96.91 33 94.32 94.32 94.32 94.32 36
0.6 0.80 97.16 97.16 97.16 97.16 35 94.41 94.43 94.41 94.41 38
0.6 0.90 97.30 97.28 97.28 97.29 36 94.55 94.56 94.56 94.56 39
0.6 0.99 97.28 97.28 97.27 97.28 39 94.51 94.51 94.51 94.52 40
0.7 0.70 97.02 97.01 97.01 97.01 39 94.49 94.49 94.49 94.49 38
0.7 0.80 97.41 97.41 97.41 97.41 41 94.73 94.74 97.74 94.74 39
0.7 0.90 97.53 97.52 97.53 97.53 38 95.02 95.03 95.03 95.02 40
0.7 0.99 98.14 98.14 98.14 98.14 42 94.91 94.91 94.92 94.91 42
0.8 0.70 97.90 97.93 97.91 97.91 33 94.77 94.77 94.79 94.78 38
0.8 0.80 97.40 97.40 97.40 97.40 35 95.63 95.60 95.62 95.63 39
0.8 0.90 98.21 98.21 98.21 98.22 34 96.51 96.51 96.53 96.51 39
0.8 0.99 98.19 98.19 98.21 98.19 37 96.48 96.47 96.48 96.48 43
OF — B —mx
— e FHE e
w408, §
60
80} v {
L -100t . . o o
20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
% | Hz W | Hz
(a) Self-collected dataset (b) SCUT-NAA dataset

B4 AR EBEEEM SCUT-NAA KU 4 i1 3 5385 % 3 ]
Fig.4 Power spectrum density diagram of self-collected dataset and SCUT-NAA dataset

2.4 HIFS WA ERIE
2.4.1 wILBFAER AT R0 AR AT L

FEAE ) 26 T 28 0 i & SCRFIE S 80 S J 8 AR SCRE IR T HILA% 2 20 v i U 1 2o 10 R AR 6 B 7 v
PEATXT LESE 50 . ML 6 1T LUt 55 280 1) 4328 1 i 0 A E 240 50888 i 9 0 00 LA 5 PRkt 8 2 5 , XM R AiF 4 50
i TR — L A B N TR, W T RelielRFAiF BERE 19 B R R BEASAE ; PC A FE AR 4 [ Bt i
T R AE A B 0 R B, {HAE w5 4R B B0 1k R AE I R0 PR BEMEAIE T R SR RR AR SR 5 W R R = R R
(Spearman’s correlation coefficient, SCC) PCC ZEFRAFE 2E8E B9 B HERE L AL, 2R 1M — 3 11 B4R S A =6
PEFE B A T AN ] ZE TR | PCCARF SCC. B, AR SCik# PCCAE Ry HIF'S W4 A i it
2.4.2 5 HALRACHE R AR AT

4 HIF S 5 A — 22387 1) 5 & U AR SR I ——IE R 2 A BT BRI AR5 (Particle swarm optimi-
zation, PSO)? M43 548 R 53 (Cuckoo search, CS)* i1k %% (Equilibrium optimizer, EO)* #E177E
AEXTEL . 2 62 7F A SRS AE A SCUT-NAA Bs4E b i AR [RIOE ARS8 A I 45 8, DA 3 RpAiE 24 5L
a7 347 TR AR AL SR A T 0P . A 6 AT HIF S 76 R BRI SUCT-NAA Hdls 5 h
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Table 6 Test results of different optimization algorithms
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AN 7Y = 0 2] 5 0 S
i 54
HIFS 38 98.08 238.8 38 96.03 382.5
SCA 42 97.86 357.5 41 95.87  492.2
RF 51 PSO  96.61 43  97.68 325.1 93.35 39 95.01  436.5
cS 37 97.56 444.5 37 94.93  616.4
EO 38 97.95 340.6 39 95.61 4724
HIFS 38 94.28 132.1 36 94.93  256.3
SCA 40 94.21 176 41 9431 301.2
SVM 51 PSO 9231 37  94.15 135.1 92.21 38  93.97 2845
cS 37 923 211.6 35 92.71  463.3
EO 36 93.63 145.3 37 9316 296.1
HIFS 34 98.21 290.8 39 96.51  647.4
SCA 40 98.15 307.4 40 95.63  680.4
LightGBM 51  PSO  96.92 30  97.69 305.3 94.69 39  95.55  669.2
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Table 7 Research comparison of SCUT-NAA dataset
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