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Abstract: For the low recognition rate of human motion intent, a human gait recognition method combining kernel princi-
pal component analysis (KPCA) and relevance vector machine (RVM) is proposed. The surface electromyography (SEMG) is
selected as gait recognition information source, whose wavelet packet energy is extracted as characteristic value. The KPCA
method is adopted to reduce the dimension of characteristic values for removing redundant information, so as to obtain the
characteristic values which can reflect the human gait characteristics. Finally, the gait characteristic vectors are classified by
RVM to recognize upslope, downslope, stairs ascent, stairs descent or level-ground walking. The feasibility and practicability
of the method are verified through analyzing the gait recognition results of different subjects. Compared with BP (backpropa-
gation) neural network and SVM (support vector machine) methods, the classification time of the proposed method is 2.6609
x 10™* s, and the recognition accuracy is 96.67%, which demonstrate it is an effective gait recognition method.

Keywords: surface electromyography (SEMG); kernel principal component analysis (KPCA); relevance vector machine

(RVM); motion intent recognition

1 5|5 (Introduction)

AR AP A R 2 —, T4
K, WA BORLE E WM )2 R me
AF WA T, TR AR S RE B
B LD T 515 B %Jﬁﬁl@k.,uuﬁi%%ﬁ

B2 Wi ES R T HEGER, FEARER
vﬁ%}%\ RIEENETEER. RWAERMRT T
HEE u_m 1E|7~E, ﬁﬁ1mlu‘m *‘FH&H%/L»#%{EE,

HEETH: EXAREFHES
A BT B AR E  (162300410070) .
BIE{EE: M8, yphebut@yahoo.com

AREHIL T sz m B, T MBEGREEER
SREUOTT SR AL s (g k) 2B AE NGB
s, dfEERESEREANIZSEE RS, A
K& BALAOR SEBLZ 3 73 . %5 0E B im s
AERH, ERESEEEDNSRT R WNE
RH RPN SE R RmLBES
(SEMG) 72 $i5 ML R T3 L fa e 51 3 i s R ok

I LA KRGS A R S S, HAETTEH
5. R T2brizs), W AKiEsh{E S FUEEA

(61203323); A FIE mE %k B A RFE (16B413006); Ak H AR 34 (F2015202150, F2017202119);

Wk /s /&18]: 2017-03-24/2017-06-19/2017-08-06



662 I SN

2017 £ 9 H

TATESBE R LR, ETRENEGES
SRR TR T2 N, BN mSEEUIL
LA SRR 5 BT I T L 3 5 o) RASE =) A 1
(G SR ALV, R R RIZ sh LA LA AN RIZ 3
T TR e 4 1671 3 (8] % T I R THI L HAAS 5k
TN S, ARSI REEEE S AP SE
ZUE R, FIH BP (kLR #EM iR E.
NP AL SR PR B D SRR R R = 4R, N T
AR RSN [B], H FE R R SR BRI
Y REAS [r) B [ A A BRI B S VE B SR MR, SR8
B SR E AT (PCA) SRIRENL FAE S 45 4E
B, PRIHREERE, Rafkmestt, sEf
FSCHFFENL (SVMD RA R Rzshia, {Hidd
SRHHES P EZ MR NIEEM R R, JEHEHF
IESH 2 AR EEUH AR, R 2R A AR L
PETEST HR A FE. R 0T (KPCA) 2
— PP AR ERR ISR U 15, %5155 PCA ML, K
KN TR, CREI IR, AR %R
AR AT M. TABHE SR 10 g B T R Af KA
RN T WLRAS 5 B8 SR BIRFFC , AR TR I /K
A ARG F B RS S AU LR P A
SRR, BEE SVM R E, SC[11] LA SVM
F1SEMG FiAR NEA, R AKizshzhE, {H SVM
WAFAE— LB [E: SVM EB &R B fE v, 7
TR R 7 ME LA B A% PR B Mercer 2514 DA A2 H
WL FEAKE BN, SRR R ECRE AR 2 SR
W, 5 SVM ML, MKEEN (RVMD A LU
FIAT B WA R B0, LN 2Rk AR /D i BUAS i bt
FIIR R H. RVM 15 NG R 3 5 TH U 1 R 47 1Y)
YRR, BATE LR 20 Wi/ FP, K RVM B
i F R IE g = R

RNT TR ERTIVERA R, A SRR T
KPCA 5 RVM M AR IRA 5. BB EUT
Ji T LS S A b SR S BIR, XRS5
BEAT /NI AL ARG BIRFAEAE, 2 8 B AR B 1
YRS, I KPCA STRFE(E PR 4EAC R, BR4E S
FIRFEEAE N RVM %I, R RVM 5743 2545
R SRaGaE BISE Tz R IA Sk, 5 BP &
2. SVM LR, ZikairE &N, &

2 HEAKJEIE (Basic principle)
21 ZERSTHEXRRE

MR P 4E RS S, B AR R
%, B FR40d KPCA FE4EAb B, KPCA &2 R 1A%
NHUE 2738 3 5 1E i 4R AE 2R MR AR 25 1) EPAT ek

PCA 177

BINEEHE . (k=1,2,---,n, x, €R) Wit F]
FREF & @ (x): n AFEARSEL, X TR A%
5, 7 EZ5FE C:

1 n
Cz;zl¢(xj>¢T(xk)7 j:1,2,"',l’l (1)
j=

FIFHHERT LEARACTT R SRR RFAEAE A > 0 S5RHE In) &
V £0:

AV =CV 2)
V=> o®(x;), j=1.2,n 3)
j=1

KPCA 7t Rk ARSI 5 A FIASAE I V. JGoh:
o NITEERL R Q) AT @ (v) N

A(P(x),V)=(P(x),CV), k=1,2,---.n (4
5E XA nx n HHERE K;:
Kij = K(xi’xj) = (¢(X,'>,¢(Xj)), l).] = 172)’” ,n
(5)

KA oy (I FE LUK AR K BAE R AL
A HFHERE a.

nia =Ko (6)
H—JERHER R AV, FEAR & (x) /£ V L1
LS R

hi(x)=(V,®(x) =Y 0P (x) 7)
i=1

D (x) 955 k AN RN RO PR b (x) F%. th

A [ D7 ha FTUAE th by (x) WK SR TR, T
i=1

DL R B E T S H R (8):

h n
E:&/E:&>E (®)
i=1 i=1

A h NERMER S E, E NERME
tt.
2.2 RVM EXKREIE

e ANNGEIEE {x, 6}, xeR, Hix
RGEMNE i MEAR, e {-1,+1} ZFHIr5.
RVM )43 J5 R B0 XN

Yx) = wigi(x;) (€))
)

Hr, o(x) 2R AL w REREME. RVM I
WIZRRAE DU RS T 3EAT (1, 38 AR STl v



3955 5

M S SRR 70 A G [ AL N AR 12 3 e BRG] 663

YERFAE 2 (W) P AR LR A e, X =0 S8, AT
LICRE 732 R y (o) AP A B i 5 ) (0, 1) X 1] ik
172K

P (t|w) HO'{y Xisw

j\JTLﬁE@%iL‘BfJﬁ"L%Z MR, BUE wZH
A e 307 S8 SR 2 A

p(w|a) H,/Znep ——w2 (1)

ZH o= [og,a, 0] . FEADSHOT M B A
ABUE, BUE w ) DU 5 3082
ptlw)p(w|@)
plt|@)

HH T LSRR EL p(t|w) ANIESE, B DR AR )
TIERIEIDGAUIR R EL p(t| ).

E X af NZH o E’J%j(}:%*ﬂ%ﬁﬁ’]ﬁﬁ 54
K5 5 LA E 0] B onap AT S KA (13) 1Y)
JriEkAL T, B

Wn) = Zlgp(ti‘wi) +Zlgp(wi|ai*)
i=1 i=1

13)

M=o {yGaw)}]'™ (10)

p(ot,a) = 12)

J=fi(wi,--

X HARBREL J RKTHUE w HKIBSSE S,
Vi=S=-Aw-Q'f (14)
;_EQEF' A :diag<a07a17"'7an)’ f: [G(y<x1))7'“7

o(y(ew)]™s ¢ =K (xi,x;) 25 Q HTHITTER. K
¥ J B Hessian 5% N
H=V*(J)=—(Q"BQ+A) (15)

A B X MAEERE, B=diag(B,--+,B:,
H B =0 (y(x)) [1 - o(y(x:))]-
2 0 0 OB TR S W B A pwlr, )
N(wyap, C)s HH = wypp = CO"Bt NRLEN G
i’]ﬁﬁ%’ = (H|wwmap) N7 ZHBE. FIF B
) wyap I3 (16) KAF H Az (A &

o(y(xsw))]  (16)

By), H

t* :Q WMAP+87 [t—

KA B KA IAGALR R BT Tk, %A A7),
(18) EHSH a:

a:‘ewz% (17)

Y =1- g (18)

e o Fon C P i I ALTTR: W RoneH i
TP R R AUE, RESE e Rk R T Z R
W, AR RO R S BUE S ) RVM 141,

3 ETFKPCA 5RVM M ARKEEIEEIRS
(Human motion intent recognition based
on kernel principal component analysis
and relevance vector machine)

5T KPCA 5 RVM B A\ iz 8l = B 7 7%
IR R TALRGE SERE BRI, AR KR
WA T A TRHE, SO/ aaeE tLE D
BHHIE, N7 4RI R R], FIF KPCA [4E
%ma SR 5 K R AE B i N B RVM B A 3047 T b

178 EME M B3 TSR g E
T KPCA HIHEL HERHESRELEE /11 RVM R B 1 BR)
OB M4 2KRE S, FETF KPCA 1 RVM KA fkig
SRR AR 1 .

R A Hied DL — (e Ak 2

-

BRI LR SRR R

y

FF KPCA [ I FFIEFE EL

y

RS
v
ZHHIIE
v
B R B B A% iR B S 2

MR it RVM 4y 28 A5 70
|
v v
RVM #5284l 5

1 SRR
Fig.1 Algorithm flow chart

Y T 3R LA 5 2 AR T AR R M B AR P S
g U600, A AR e R DUAR 38 SRR A5 5 20 i 2
BRI 2N, R T E 5 E SN
STV HHRERE, AT AEREES, NS REE
N3 AR RRAIER. %Tﬁuk% AL
NEELI RE RO n =4, BRI EG A LG



664 I SN

2017 %£ 9 H

BRATHNES. AFRDEEAAFRKULASE
B, ANFRE AR R o A AR, 7T By
SR, ENIZE) IR B, AT AT E.
EHE PR B3 RS MO, B E
BN 4 APIRE ST R, WA 2.

P>05 P<05

| HiTE |

HAhb s |

A, A,
RVM3 RVM4
P>05 P<05 P>05 P<05

int; ot T T
K2 JT RVM I NAIZ5) & B 7 KRR

Fig.2 The classifier model of human motion intention

recognition based on RVM
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Tab.1 Basic information of the volunteers
ww  BE mm WK BE B
/kg /mm /mm /mm /mm
5 62.00+ 1749.00+ 989.00+ 103.00+ 73.37+
(105> 13.66 29.44 30.82 9.00 8.05

S 53.00£ 1637.61£ 910.00+ 94.08+ 64.00+
(10 ) 1.00 10.40 51.00 5.75 3.00

6, 10" 55 X107
> 5 > 2
£y £ 15
o 5 gp 1
il qz 0.5
@ 2 2 0
=1 5{@?
0 1000 2000 3000 0 1000 2000 3000
PRI PREI
SEHATE R AL = ERERAIIUE S
1, X107 1o, X107
=19 > 8
E 6 E 6
or 4 o> 4
a2 & 2
=9 ® 0
=4 =2
00 1000 2000 3000 “0 1000 2000 3000
PREF RFE R
TIEIBA I IUE 1A BN MIUE S
12,¥107
Z 8
o 4
% 0
5—4
-8
0 1000 2000 3000
PRI
RN IUE S E

B3 AL S Migsh BN G S E
Fig.3 Electromyographic signals of 5 kinds of motion intents
of the vastus medialis
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Fig.4 Downslope experiment
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Fig.5 Acquisition and display of the electromyographic signal
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Tab.2 The cumulative contribution rate of the main
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Tab.3 Data extracted from the training samples by KPCA (only
4 sets of data are described)

B b BIERS B2ERN
1 0.258356 0.425817
2 _ —0.058214 0.215734

AT
3 —0.213859 0.482936
4 —0.082336 0.42918
1 0.485160 0.629175
2 0.459382 0.418459
L
3 0.476910 0.521462
4 0.378915 0.462570
1 0.302356 0.275194
2 , —0.092739 0.269273
T
3 —0.238665 0.290517
4 —0.085372 0.297812
1 0.38274 0.419725
2 0.541568 0.294176
IE
3 0.376018 0.527196
4 0.391274 0.296390
1 0.218595 0.302165
2 0.341812 0.214072
TH
3 0.271034 0.325106
4 0.340965 0.274128
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Tab.4 Comparison among several kernel function methods

pag OE g TOWE TR
Eggg{ 90.2 242 0.59 0.082
igg;}; 89.4 2.25 0.84 0.085
%ZZ 726 4.86 1.42 0.092
fz%i;f 66.7 6.16 0.75 0.067
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Fig.6  Selection results of the radial basis kernel function

parameters of RVM classifier
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Tab.5 Comparison of several classification methods

WIGRIHA] /s Zp280F0E /s HAIE /1%

— R 4.078 0.047 85.38
—XTHAR 4.295 0.045 85.79
BIa o E 4.136 0.032 88.36
ACHE 2 ik 2.043 0.025 90.85
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X3k, FrLARER AR A A B TEA R T L
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AR T BRI TE] DA AR A TE A R 2 AN D7 T B
B AR 32 BP LK, Hrh R A
o2, BREENSAEON 10, B ET SECN 5.
WIGRS SR W E N 0.1, HARRZEBE N 0.00001,
B RIE AR B E N 1000, SVM 3 I 4% 2k Bk
Wz R, R = X oy K051, R A%
RITEME SVM S 5JE 11 K1 Il RBF #% iR 5154
MERARAE. & 64 H TSI KA R I FI A KPCA
B2 A AEAE A N RVM 5 SVM S A 15 B 1R 5 45
F, RVM IR A58, 12 2N RVM 5]
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TR SRR AL MgitE R E T RVM I 2k
a2 5 SVM JJikAHLE, ACHEH kT —
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RVM HlIl SVM 7 3 J B 2 5 R A0 ) 8 Bl S5 21 7
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#6 RVM 5 SVM 45 R A
Tab.6 Comparison of RVM and SVM classification results

e YIZ5ir RESt S'Z%EE?FE% RANIE
[&] /s & /s MEMNME HE /%
SVM;  0.0359 0.047 15 85.72
RVM, 0.0283 7.578x10°* 9 87.85
SVM,  0.0675 0.0021 14 92.18
RVM, 0.0214 6.745x10* 6 96.94
SVM;  0.0781 0.0021 10 90.29
RVM; 0.0318 9.173x10~* 6 90.29
SVM,  0.0892 0.0060 14 93.33
RVM, 0.0245 7.1288x10~* 8 93.33

®7 A KPCA 5ARAEH] KPCA iR 45 R L
Tab.7 Recognition results obtained with and without KPCA

WAHIERR /1%
K H KPCA FH KPCA
B ZURHIE SRR ZURHIE SR IR
BP SVM RVM BP SVM RVM
fﬂﬁ 85.78 9177 93.87 8245 9350  94.56
1T

#8173 89.62 9146 78.05 92.38 94.62
TH: 8273 90.77 91.46 80.05 90.50 95.73
3 83.14 90.85 9545 8145 90.19 95.73
T 83.14 90.18 94.82 78.76  90.19 96.15

Mk 8330 90.64 9595 79.75 91.95 96.67

S 5.0074x 2.6609x
g 6704 0.4725 0.4081 0.1792
ey g5 0704 04725 0408101792 7, 107

# 84 T PCA 5 KPCA Hikmtbi. M
R LUE H, KPCA il & R iEE I (8] 2K T PCA
R REAEAE I (], H SR I 4i iR 2, K9
BT AT S HAL IR TR L, ATk
3 [8-11,18] HiEAHEL B A SR A2, 454 KP-
CA 5 RVM [MTERP &R R e, Ui KPCA

XHRFALEAEL P A A TR R A et 24 22 1) A 3 3T PO R AL 17
B, ANUTT A R R, T EL AT DA v RN
GRS

#8 PCA 5 KPCA HiLH#
Tab.8 Comparison between PCA and KPCA algorithms

FRdertia] /s sr2REfIAL s RSB /%
KPCA-RVM 8.568 2.6609x10~* 96.67
PCA-RVM 5.384 4.264x107* 92.63
KPCA-BP 8.249 0.1792 79.75
PCA-BP 5.762 0.279 80.59

5.0074x10~* 91.95
8.165x107* 85.48

KPCA-SVM 8.316
PCA-SVM 5.429

RO AITTE S HA T AL

Tab.9 Comparison between the proposed method and other

methods
PARZ W2 1%

AICTT 96.67
3 [8] Trik 91.8
3 [9] Trik 87.1
3 [10] Ak 92.08
3C[11] J5i 78.75
3C[18] JTik 82

ARSCET 10 YRS S50 B R B R AT S
BT, T KPCA Il RVM S5 25 1R 1
GEEHEKE T £, T KPCA fl SVM BiEMIEDS
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5 %1 (Conclusion)
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