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Abstract
of pre-defined target motions by using a trained parameter-fixed model.

The traditional electromyography (EMG)-based motion recognition methods always classify a limited number
However, those methods have no ability to
handle the interference factors, including changes of EMG signals caused by muscle fatigue and outlier motions undefined
beforehand. For this problem, a self-update hybrid classification model (SUHC) is proposed. In the SUHC, the one-class
support vector machine (SVM) that can reject outlier motions is combined to a multi-class linear discriminant analysis
(LDA) that is used to recognize target motions; furthermore, a self-update mechanism is adopted to reduce the influence
caused by EMG changes. The performance of the proposed method is verified by the experiment of EMG-based hand
motion recognition. Under the interference that EMG signals vary greatly, the recognition accuracy of SUHC on target
motions is about 89 %, which is 18 % higher than those of the normal SVM, multiple layer perceptron (MLP) and kernel
LDA (KLDA); moreover, the SUHC has the ability to reject outlier motions with a 93 % of rejection accuracy.

Key words

Citation Ding Qi-Chuan, Zhao Xin-Gang, Li Zi-You, Han Jian-Da. An EMG-motion recognition method with self-
update hybrid classification model. Acta Automatica Sinica, 2019, 45(8): 1464—1474

Surface electromyography (SEMG), motion recognition, pattern classification, online update, muscle fatigue

T £ UL H (Surface electromyography,
sEMG) myizghiH 5 (WLHzshiHG]) sAR D8
AT BUR /BT BRENLG A SME R LA A
S0 B AR G R LA 8, e A s Ay 207

Ik H i 2017-06-05 %8 A3 2017-12-06

Manuscript received June 5, 2017; accepted December 6, 2017

R AT SR (363 i141) (2015AA042301) ¥l

Supported by National High Technology Research and Devel-
opment Program of China (863 Program) (2015AA042301)

ARISHERE 18—

Recommended by Associate Editor LI Hong-Yi

1o P E BB B SR L N E R E AR E
110016 2. HEFABERY: JEA 100049 3. EIF AT EHLSE
il TAR2 B K 300017

1. State Key Laboratory of Robotics, Shenyang Institute of Au-
tomation, Chinese Academy of Sciences, Shenyang 110016 2.
University of Chinese Academy of Sciences, Beijing 100049 3.
College of Computer and Control Engineering, Nankai Univer-
sity, Tianjin 300017

BB RN B TRy — PP Y, 525 T ES
HHZ . RENRBRFIRECRZE RS, HE
IEHAT I, R N il 12 32 1 7 AT 2
ZUEJL, BRI — D EE A, AR RS
PERSNAT I T, A RTRENEEIERE,
HAER M R R .

BUA WURLER T B R i 2h 19> 28073, — e
o [ A 1 SN B E R, S B I R et
2, Bl S BN GRG0 [ E SR, M FEL LR
B R BRI, 28 M R R R
FHATHIRZF P 2R PR TE R BT IS4
AR ML R T A B 1) SEMG AT
Mo HTF NS HBE SEMG Bl (U2 A BRE 4K
B, 1M sSEMG 2 —Fh 32 LA BUSPARES S i 4 41



8 4 THINEE: BT ARG IR R WL SR T 1465

A S MY, LA 2 4N R R 8UEL sSEMG 5
BRI ARAF A RO 22 R, 4 R SRR
PIPERE S KIEFARE?; 2) MBS EEUE T4 %
()43 AR X/ L H AR VR, R 51 g
TR T X 28 H ARSI EE s, FE L FH T, 2t Eil
ZRby Bk B RS R, SRR NSRS T
P, BEEE AR B AR 1.

BN UL R IS P T, BT A R A T 3R
W ASR T 73 JA Ty . Kato 25013 41 H g1t
25 ) B Y B h 3G 9 e RS I Y A £ BT YA,
WRHE T B T8 %, TR H M %245, izl
BIEHVERE J1E W sSEMG [ 28554k Yang 2040 F)
M BEN SVM 151 9 Fp R, 5] AR
T FEAGIT 2 sEMG 80 1 52 ), AT 3 55 S8 1]
Al (Support vector machine, SVM) Kl {EH
BIERAE PE; Chen 200 $L [ 388 i 28 1 3 51 43
(Linear discriminant analysis, LDA)/— & ¥ 514y
Br (Quadratic discriminant analysis, QDA) &%,
TN LR ESEIAE A 8], Fir @7 1) 43 A
U] AR A AR P TR S 80, PR A s R 3
REANAZ SEMG A2 0520, AT HE i UL F 58 i ) A
P EIRRSE S A A, SR AR E
W/ BARSIVER) SEMG ALt AT S50 310, Ik
7% B AN ER IR B AR A TP 41 S D
VETHE IR, Scheme 2517 {7 H B 0 KR LR 1
43471 (Uncorrelated LDA, ULDA) £ 1-vs-1
SRS, XA TH/ BAREiER sSEMG 57 X
[ f02%, 2487 sSEMG i AR dF AAE— (L2 X 1], i
A E AR MBIV ER R T3, %5 R B A HEBR SN
FHRPERE, HFF NN ERZ BESE, 0 H
A Li 208 $ i —Fhom AL REMLAR AR 22, i
WA 5 A T R, R 1 20 H AR E S HE
B AN AR S VR RS BEAR RB IS 2 80 %05 LAk, —2&
SVM 5 —2m li o0 a8 U H T HEBR S s 7 T3,
A i [OR<=Y = G N w8y 7 1 5 e 2
BrEe, 5IAHERR SRS T HErALE], 1265 i
HARTEL TR, RIALREHRRR SN R, TovkrF
HAE ) B R sl VE £ A BRI v, (3R] s
KT ANBETENR SEMG IS PE 4 0 5205

AT A B S AR B AP, R R
TELARBIRE ST, Tt —Fh B RN G5 BRI (Self-
update hybrid classification model, SUHC), fPA
SCEALRIE B R B A SO EEE TARIHZ AR =
Hel) a5 2 R0 KR, Bih—
R G REIREL; 2) 456 —K SVM MZ K
LDA, #—/MNMRA ;B 5 AT B EREK
W&; 3) FIRIPE A B TR A o BB, vl e
ik SEMG B 748 P 5 S8 sh AR 5 i P g WL Lz 3

PO 5 A R — TR I B b, A
1 SUHC myfLiaghfiEsrder, —28 SVM I T4
BRSNS R TP, 226 LDA I Fr 2K A AnshfE
Rt 0 E R HCHALE N T sSEMG T
P, TR BRI EE Syl T AR S AR IR S g
BUEAR SCHR 73k, g R R iy SUHC FE4ikdt
SEMG A8 1 S Sl AR R 077 1, #RR B
Lk E.

1 BEFRESARRE

72‘%1@( [19—21]7 ﬁi)z {Wl,wz, T 7WK} j‘? K
MNOHBERE, MTHA z, HHFEw,i=1,2,---,
K, 15 x € {w;}, WK z 2 HinEZHEA;, 5
FEARHN ) INAEAR.

1.1 RESTLEIRBIES

X AN B T, A SR —FhRl G — 26
S RARMZ I R il IR G B AAERE, H
H— 20 254 T HI T R Ak e 2 15 g T AR,
11 22 2555 JeAR R AR SMER ISR AR S L ) - — 2 B A
X F 1A T AER R R R, AR
H5r s, AR AR & Jeial.

e

BA_

- —> A

AN, SRS AR
K1 IRE REESE
Fig.1 The framework of hybrid classification model
1.2 Fh&—HE SVM f1% 2 LDA # SUHC

ETRADRERMESR, fia—LK SVM f£
4 LDA, #—MNMRE /5 AR, Jb— 205X P
3T BTN B 38 R R, DA A5
P AR T4, MR, SUHC.
1.2.1 BHE#HF  —AXSVM

— 2 SVM XFR—2 3 H ) S E A 2 (Sup-
port vector data description, SVDD)2 F] -t
HAHEZGRE TEMERE 2fF K MHRSE
{wi, wo, - ,wk}, & X; = {x1, T2, , &N, }, T =
1,2, K 2EHFBH—NET w BIFEARLE, K
Ny @R X ZE—A—2K SVM 43
Zin, @K —1PAa Hily, R ERRH/ME
TR ERTE, W] DA AL BT 1 B A ke AR B H: = 4k
Wb, LA RN

N;
Ig}gJ:R?-FCZ{j

Jj=1



1466 H B £ 2 i 45 %

¢ (x;) —al* < R? +¢; , 1.2.1 A7y 3, AT DA — A HiREA 2 I9 3] 54

st {5, >0 V=L N e i FRRS, (R LSRG EERR R AR —

T (1) % SVM. U8 IR AT RET A, AT LA
AR HIRE A SR AL

o, C REVIET, & RINAER, ¢ () RARLYE %% LDA JEd RI— A B M W, #6575

AL TR, A (1) AR/ SRR S
R w; KIERHY, AR, BA X LR/ S5
INFEAR .

T HRF (1) B R E AR R, T SR
T, PAFALSEL, XLESH0H & Kuhn-Tucher
(KT) P20 Bp KT &, IIgREASE X,
HIREAR Y N 3 ANER G 1) How e v A BBk
HIREAS i, AR AR A SR B 2) BRUIS AL T ER
TP AR S RS Ensy; 3) BUHALT
FEERAN L, R 22 SR R Eesv. Ensv Al
Eesv MRS Esvs.

AL SER AL RS Esvs, 7 ATTEE
R a MR R, TRAEEY TR w, 11—
SVM p2&as. X ANEeas z, %5 (2) sz, M
z Je HIRE wi I—FEAR, BN 2 FIRX T w; 2 —
IINRIHEAR,

| (2) — aH2 =£(2,2) =2 Z O‘j’%(szj) +

T EEsvs
)

Hrp, K(mk,iﬂj) = ¢(il3k) : ¢($g) e R (Zl-‘jC
AR I A% R AL, o J2 X F) Y AL A

I, AEAE w; 4 5E—A—2 SVM, ]
DA X 28— SVM ) 73 2R a8 46, FITAE—
BHEAS 2 R RINPIMEAR. EX Z = {21,292, -+,
2y} ATELRGH — N HEAROR S, U5 M A~
HA. H Z S e —2 SVM 432648, 7]
I3 PRSI

1) # Z A AR E R —HRZE w, N
THT w; B—328 SVML 754 5 7 0] A5 SCHEk
[22—-23]. B, FHEAMASUAE E, . Ensy
Al Eesv PEORFEARR TR KRR, BIFLLEREATREM
—AEBRE] 5 —ANME, BEd b, AR LG
AR BHAASEL, V5EW R KT 444

2) Z WA REAER & T A SRS, I X
SREAR BN —A—2 SVM (Zi3k Z A4
BERT 1/(C)), HFHgER—3& SVM i3]
RIS
1.2.2 BE#HZALDA

i —26 SVM Jr2Kdn B HE — DA R T
HAREAEA G, #E—L 0] DA H] 228 LDA Rzt
ARFFEAARR H bR FEWRE— A, BRI

ok (T, ;) < R?

(2)

JFAEREAR T W RMEAR i, IR JREAR B 43 5 25 )
/N, FARFEARR LR KR, M4 H
RROTBIREALE X, i =1,2,-- | K, Jeitis
RIREARIIE my, AR Gy, FEAT 7 2240 K
Si, AR B AR RFEAR I m; SRIG W T RT
A H ARSI N A EEAERE S, A2 [A] E A A S,

AE AL AERE W, J2h S,'S, BT ¢ (g
< K) A RAFAEAE R R, () 4R A i) 8 i 2L ) 4 .
I BREA 2, IR EERE A R 5 & H R
B LR, TR 2 38 SN I
(AR, X2 222 LDA /3258824

R LDA Bkl e 28 B 5. A
BIFEARRHRSE Z = {21,22,- -+ ,2m} HH LDA &
v, B2 P W, R T S P [ B
W S, FIZEIRIRIBERLRE S, RIS 1.2.1 5, t4raipi
PR I

1) Z WA AR A [H— B AR w;, X453
HEHHN

5 N, 1 X
TN M M+M;% 3)
B M
G, =G; + sz(zJ)T (4)
j=1
S, =Gy — (N; + M) (m;)" (5)
S, =8, —S; + 5, (6)
1 M
m = m <Ntota]m + ;ZJ> (7)
R K
Sy= Y N;(m;—mm)(m;—m) +

j=1,j#i

(N; + M) (1, — 1) (m; —m)" (8)

/H\EP, ’fhi, éi, S’i7 gw; Th, gb %%U% m;, Gi, Si> Swa
m, Sy HEHML. N = Soiy Ny RFTA HAR2IR
BEAAHL.

2) Z A REAEDR T i — SNk, A Z
VERFRI ERRE, AP REATE R S,y FI Sy #
SR E AR RE A YA . A5 H 0y 22

1M
Mg+y1 = MZZJ'

Jj=1

(9)



8 4 THINEE: BT ARG IR R WL SR T 1467

M

Gk = sz(zj)T (10)
j=1

Sk1=Grp1 — Mmgi(mg)" (11)

TRIALS R EHI T

gw :Sw +SK+1 (12)
1

m=———
Ntotal + M

(Ntotalm + MmK+1) (13)
Sy =Y N, (m; —m)(m; —m)" +
M (M1 —m) (myyr —m)" (14)

EAR " FOREHE. SERERE, 1TSS 1
HiI A~ B RARF AL AEL X I PR AR A ) 8 i ) ol ) R e
W, VNSO ECE i W, BAGEH 5/ LDA. £
H RO —28 SVM AT 82 3¢ LDA MRZ54, A
B 1 AR AR, (A2 A SO R i i) SUHC.

2 BEHNBEEIRANEE

Friiiny SUHC B F AL ShfERBI, 225
JEPIAS IR 1) (8 i IR L8 Rcdh OB 2) B
TS [ BEORT. ASSORFES & Az 3l LS 5 1 e
s BT E R LS SR SR, —Tr i, AR R
BV, AL S, AT LA EE (i3l
PE) IR R SEMG, HILIA 4B % 1 sSEMG
FRRAEL/ 2R 2 A R AR A (1Rl 2), At i ] 2
MBRIMEHE, (Ea] AA R LA S (TeshfE) 5
Wedgs (PAT3hE) R —JT, A (Rl A 4
i) WiadhZ 28R, —aifE T it —i
SRR — BRI, LB & SR 2 phoIR S
(e L] i i PR PO S ll w5 W ¥ N
T SRS I, Jext bR, ShifEpT g i
AT AL LR AT PPA, ARIEPPAE SR, e
HREAR, HETIRE ) B RO RA. PPl SRR
BN SE A

LA T EARERE, et E— 1 idTis
BT BN A B 70 IR SRR

Npre,w,-

Npre,total

Bi = x 100%, B = mlaxﬁi (15)
H, Npretotar a2 E— AT 123 I 18] BEN B REA
B Nprew, RFAZI BRI w; FIFEAEL 6, 2 wi
MR, B R HHR.

B u TR AN PAT B AR I T B A R AR
IPEAL, BB DAL A SR ]

i A BT
(LA YACER)

i EREHE AT

(AR 48

/ SR O
i EIRAE

...........................

iy

\
B2 LW X EARET, REERIESE sSEMG
Fig.2 The continuous sEMG signals sampled at the

states of muscle contraction and resting
m<B<n
B <mns (16)

1,
fupdate = 27
0, Hith

Horr, my < <o EHE BB R M.

i fupdate = 1, YEHI b —F[A] B RE A 0 T
FeEUHM HARBIAESE, (H AR A 7 28 IR A R,
T LA _E— IR B TE AR AR, #2565 1.2.1 F5HI5H
122 EIE 1 SRR 4 fupdate = 2, LW
L TR B AR ANET SR T A RSN ER B AR,
FIXSEREARS, al R BETE 2 XA RO, (22 IR0
TERIBE IR (BrsifEINA S, F2 AN T iE
IWRZE); # fupdate = 0, WIEFE_E— AL B AEAR,
PREF Y HIRARURAS. [ 3 45 i se B VA TR, F ik
ER, TERIIRE %), IR AR DA (Null), 24
AT — A HARsh eI, BEAFE A0 (HAX

SEMG A

L E AN

LIRS ?

A @
'T\%LI{_ N
i Pl 2 @

BRI

HTahlE

K3 BT SUHC pyfjL iz sifi ik
Fig.3 The SUHC-based EMG-motion

recognition algorithm



1468 H i)

¥ 45 %

HHARSIERAN R TS5 T 2 o, A REd 2k
LDA.

3 FEEEIRAISEE

AT 8 3 3 T LR A TR A A T ) SE I Bk
HOT YRR PEBE.
3.1 LENgE

L4 Z AR Z R E S 5 AR ST A Sk
(B, 4FW 30 £5 %, B 171 £ 4em, (A 67 £
9kg). AL B 5 FpFEBshE: B2 (grp).
% (opn). #£&45 (ind). £ 45 (mid). LK 5
(rng), o3 AR TSAE R 8] B 45 sh AR BB R
A (snz), il 4 PR, EE 4 Ho5 bRz % DA
RKIWLA: FERKAL. BEMBEEAL. FathAL. FeE L, 28
17 SEMG R4 (1 5).

K4 R 5 FhFERsh AR T B % snz

Fig.4 The five kinds of hand motions and the snooze

state (snz) that were recognized in the paper

TR L
(ch-2)

Bl 5 SEHA LD B B R AR HER, Horfr ch-d,
i =1,2,3,4, RN 0 WIHE AR
Fig.5 The selected muscles and the placement of
electrodes, where ch-i (i = 1,2, 3,4) represents the ith

channel electrode

3.2 sEMG 52xX&

TN R GRS (Delsys, Trigno) R4
SEMG, SRAEHIR N 2000 Hz, 4 A~ 18 Y HIAR A
WiE 5 Fros. dEAT Bl R AN, B4 I R g
B e K 3 AT RERDBIAE, SIfESAT I IR iR 2 i
H.OEEE. EPR. EIOAmRY, B SRR
et ds, HPIASERERE— 3~ 4s BHEARE,
ARG 4 W, I — 2L BRd R AR 45 R (I [A] 2y
2.5min), W& 6 Pros. SARIRELHIE, AAH
10s (4 1a] f J TRt PR A7 84, e b AT — 415
PR, A NAEILESEN 12 4 sSEMG Hidii R
£, B2 32min, 12 HESREME 2 A
G, I 10 ALE R

4s  3~4s  4s ~43

3
| snz snz
arp H opn

|j v |
o TEER 40K

K6 —d%diRESR
Fig.6 The sampling process of one session of sSEMG-data
3.3 sEMG $HERBRSz1EIR 7

Xt s sSEMG #5047 A B 8 AL B, Hop
e 28R 10 ~ 500 Hz ) Butterworth 77 i g ¥
o SRIEE 1 250 ms [ E]E  100 ms 345
%, FT sEMG $RtE4R B, g2 N, A
fiEE sEMG $2H0 7 NRHIE, B4 1 AT 4t
{6 (Mean absolute value, MAV) Fl 6 /™M1 R %%
(6-order Ceps)P=61. 4 AN (1) 7 A H#AE 3L 7 #4 i
— A, IR 28 4E (4 x T) FEARA R
HAREWE T FiR.

4s 3~4s 4s  3~4s 4s
ind }£>| mid }ﬂ% mg :]

I midI I ind I I opn I Igrp

SEMG | e i R g | HA
ERE e ) d [ ke [

Bl 7 SEMG FEAE piid
Fig.7 The generating process of SEMG samples

R AFH SEMG A A4 iy SUHC #E47
FEBBIEFN, RIS FEATHERE He s, = Al T o
R £ SVM (i 1-vs-all 5En%) 127 )2
H1gs (Multiple layer perceptron, MLP)20l Fi% 4k
PEHI 504 (Kernel LDA, KLDA)P7=28 b gl jf
AT BAE R BT 5. TE R B AR I 3 43 ol 7 57
FHRZ LR IZ Bl 43 S AL,

4 SLIREER
A3 P RS B R s B R B R PERE: 1) ToAk



8 THINEE: BT ARG IR R WL SR T

1469

SN VE T3, B UISRBAYNT, 5 Fh TR sh 14T 2
CRAARBIE; 2) ARSI ETI0, MgkPrEdE 2
(grp). fH1% (opn). #H A4 (ind). EHIHE (mid) 1
NERBE, IR (rmg) 1B ARFSNE {ET
. desmm 1 5 (Subject-1) HYFEAILER, B
JE 4 T AT DN I SR

4.1 FIMBEIETFIL

AT SN SIS KU A T B AT, FE R SR
iR RUA] R i e K T AT S Fh a1, R4
i E)EE S 30 min, FEULIAMR LT AE, L% R
2 FENLARESF, M sEMG FRiE MAV w1 AR Y4 1E
FEoR WL RE RO FE AR, el A I 2R 5000 1 5 R A%
HER MAV P39 g1, PAILAARIE, SR )55 B 66
FEEALIMREAE T B AT 4 S VER MAV S go,
BRI g2/ g1, T HIWHLRIRS A . K 8
Oy TR % (grp) MU E (opn) A B Xt B
MAV #5 teAsfk, frE e L, B 10 2 A 1k
51 MAV 2R BRAG S, L e MVA 1
TRRIE AL F IR F] 50 % (anf& 8 (a) By ch-1 1 8 (b)
(1) ch-2, Horp ch-i (i = 1,2,3,4) FR5 ¢ il Bk
PAFROEEE), dbn] W, B I RIERS, WL 974K
SHEWEIN, 1 REM SEMG BE 25257 35 50 R

100 4 100
:L‘ =4 ch-1
, 90% 90
= 80 = 80
o =
& 70 £ 7
ir i
60 60
2 2
< 50 = 5

~
(=
&
=Y

123 45678910
YR BIR A
(a) % Rigrp

(a) Corresponding to grp

123 4567282910
MAUE A
(b) X Wiopn
(b) Corresponding to opn
K8 i 10 HINSAE AR TR R MAV 5 HERE(E L
Fig.8 The ratio of MAV with respect to the standard

value calculated by using the ten sessions of test data

SN SR8 s G (D2l 2k SVM,
MLP #1 KLDA, 1if SUHC HATELHHHIFRHE, 5
Zegy it SUHC WS RTIAR ), SRR IR A
AFp (Bl R A AUNF) S ARSI, 53
PR BIROR. E SCOPAS AR H ARah 123 28

i15n
Pl = e x 100 %
L o (17)
Pl = g x 100 %

¢; =min {¢;, ¢} } (18)

HA, Neorrw, T Neotarw, 7512 IE#fHE] w;, 2
HIREAEORLE ) 20 58] w; EMIFEAREL T N, total
& CHES WIZBE T v AR, il B &SIt
N

WEX (16) S E m = 0.6, 9, = 0.85 [
ns = 0.45, SRJERFAT 2 At A2 K 3 Bk
Hr, AT SUHC fELHH. B9 4l T2 1 Al
ZHE (Subject-1) BIHET 2 NMEAHIA B HIEIEW
HBIZER, B9 (b) H =T R R BB AN AAE AR
M, LR CHTY AEREAR R (BASIT ), B
S RARRR B S, BB R IR B A
. HE 9(b) AT, MEASES 1 WOl B,
EFIRVE N INBEE, TFEALLE T —MRERES (O
~ @ RE), NTIAZEI RS, DA FH Y. 3 7E 5L
P sEE SUHC, SE IR Sy Rig K. kY
N EERSE 2 B, SUHC {8 0] PAXTE 43
FKRH.

O ol 2l o [ ad [ sd el n
grp opn ind  mid  rng | &p opn ind mid rng
—— AfER L RIS S e g 0 il

(a) BsEMG
(a) Raw sSEMG

: \ I '\% * x *
SN R A | RN -
mi * \ — ok W
in P | ¥ % e %
op: \ * % ! — / *

P s | /
u * K i il 257 =
s ]
10 20 30 40 50 60 70

Time /s

o @ ® @ ®
(b) SUHCIH W] 55 3
(b) The recognition results of SUHC
B9 4 Subject-1 ZE 1 AHillghEdetm A SUHC
(U4 AR AT 2 EER), SCBUA AR 28 5 fT
Fig.9 Online updating the SUHC by inputting the first
session of training data of Subject-1 into the model

(only plot the first two cycles of the data)

g 10 AMERE A AUF KT A 25 2
B 2 SVM, MLP #il KLDA, DA wJHE 4558
() SUHC, T3 RSB Sh 1170 JR5 . 181 10 &5
A6 Subject-1 /) 10 HMNAEHE T 25, h



1470 H 3l

¥ 45 %

B 10 AT, AN [ESAL R s 3l R 45 R 22 O
YEJEH) SVM, MLP 1 KLDA 44 %, 24
FEAS (55 1. 2 HRER) o5 g A 8o
ZE BN, S EVERIE R R (KT 80%), (H
A2 Pt o MR A 5 Y R A 1Y) 22 S 1B W A8 O, TR
K BE AN IRAIG; T SUHC BB E B R S50, DA
T N AR AR EHE AR Ak, BEAS T AR AR R R i TR £
BT 85%). £XF 5 Rt FITHRFE 32k
JE
1 K
Y= K ; Pi (19)

Hr, K =5 R4

95
2085 13
jm
7
Tg Y K65
55

X,
\‘ear%#;i:

123 45678910
YERFAR A
(b) MIE opn (K 732K RE
(b) The classification
accuracies of opn

123 45678910
il cnttlag
() B grp M 9N
(a) The classification
accuracies of grp

1 23 45678910 123 45678910
YWRFIRE W HER AT
(o) R ind WG (d) 1235 mid BUAr S
(¢) The classification (d) The classification
accuracics of ind accuracies of mid

——SUHC
- SVN
~0--MLP
“¥KLDA

123 45678910
e rer ity

(e) $RTC 445 mg BIAPZERG R
(¢) The classification
accuracies of rmg

K10 TeAMEBEET RS AL, (] Subject-1 /)
10 MBI S0 73 2R
Fig.10 In the case of no outlier-motion interference, the
classification accuracies calculated by using the ten

sessions of test data of Subject-1
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Table 1 The mean classification accuracies and
standard deviations calculated by using

the ten sessions of test data of all subjects (%)

SUHC SVM MLP KLDA

1 91.5+4.3 893+51 904+29 89.8+5.9

2 89.1+2.6 851+75 81.7+64 83.4+8.1

88.7+6.6 75.3+10.4 743+88 77.1+10.7

86.2+4.1 70.8+14.4 71.2+10.7 727+11.2

93.44+3.8 73.0+£9.1 70.7+135 71.5+14.6

69.8+12.9 64.2+11.2 67.3£11.9

86.0 5.7 59.9+123 59.5+12.1 62.1+134

88.11+8.4 61.7+10.2 57.8+13.0

3
4

5

6 88.5+6.2
7

8 59.4 +14.7
9

91.44+4.9 584+9.7 60.1+106 61.6+9.2

10 87.9+4.3
89.1 +5.1

62.8+10.3 57.0£15.6 58.1+13.9

m =+ st 70.6 +£10.2 68.7+£10.5 70.3+11.4
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Fig.11 The motion recognition results obtained by using

one session of test data of Subject-1
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Fig.12 In the case of outlier-motion (rng) interference,
the recognition results obtained by using ten sessions of
test data of Subject-1
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Fig.13 The means and standard deviations of
classification and rejection accuracies computed by

using the test data of Subject-1
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Table 2 The means and standard deviations of

classification and rejection accuracies computed by

using the test data of all subjects (%)

Finzh oy Jhs i SN AR A
SUHC 90.4 +4.4 93.5+3.0
SVDD 82.1+8.7 91.9+£5.2
SVM 62.5 + 16.1 -
MLP 60.8 & 18.4 -
KLDA 60.1+15.7 -

HAHEER MRS Rl T 0 BE Jg, X SRR 4k
PERAR BRI, EL3E S EOH bRah V2 20R5 B R IR P
fi%; $2thig SUHC HAHERRIN R TImIRE T, H
H AR R BIRE FE i 90 %, i T SVM, MLP
FI KLDA, 1M MBI EHEER o 93 %, X 5
Faps s T A SCRRAYEER, Sk (18] Horikm
WS AR A2 80 %0, SCRR [19] w7k my A R Vs>
NG R 87 %.

RN T sEMG 748 1 5 48 3h
TR ARBEARNS I, S5 Br EaEAT LA A2 Bl iH i e
AR Z AN E PR3, ALRR R 25 0% . PR A7 5 A
Foo B BRI S AR ARG TR0, R S AR 2 gk
SEpl bR AR, 2 R DANIXT B 2 AR BEAR S IE,
M FETHSEBRL IR A R GERY 25 B P RE.
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