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A novel EMG-based control system of five-fingered robot hand

with unlearned-motion detection
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Many man-machine interfaces controlled by electromyogram (EMG) signals such as the
myoelectric prosthetic hand have been proposed. General classifiers do not cover unintended
motions in the training phase and misclassify those inevitably. Since the misclassification can
cause dangerous incidents, an interface with high security is required. To solve this problem,
this paper proposes a novel control method of man-machine interfaces that can treat unlearned
motions. In the experiments, the proposed method was applied to forearm and finger motion
classification to evaluate the validity. The outcomes showed that the approach produces higher
and more stable classification performance than comparative methods.
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Fig. 1 Structure of the proposed system

IR U 7R s R — AL, BRI T
HH U 72 Fios % — > % NACGMN XA 1§56 22T
BfEHEE 21T 5. HFERFICHED & Arduino 2> & il {H
BEEERL, BRY b ROFIEZITS.

2.1 HEEHER K (1] 23FC D O EM
ZHWTHIS L7 EMG 52 RN Y bl x, € RP
EHEK T 5. L7 EMGE5D2F v LR L
TREEEREAT o128, H v A 7 FWEE £, [Hz] O
2RDB—IRAT 4 LRI E D FHHEZATS. KICH
F ¥ AVOFFNEDES Ey (d=1,--- ,D) DIKIE
E{™ CESULLESE EJ°™ () L L, &F v 4
KORD 110755 &5 I3 2 22T, %7 %%
TR T BRI T v xy(t) (d=1,...,D) 218 5.

_E4) *E[(ISO
- Elgmax) _Ec(ist)

E[(inorm) (t)

F(r)

Ea(inorm) (t) )

D (norm)
. Fiy=Y E; ™) )
d'=1

2T, EVYV I3 EEIED EMG (222 %, F(1) 3
NIERERLTED, BEREHEICHNS.

22 EOfESRBUEE  1EER S AT A TWEHERNIRY
BEMEOREL BB LN ZrlgE e 3 2 0MHS 1T
X o TIRE X N7 NACGMN =320,

X 2 IZ/RE 415 NACGMN 1 5 TR X,

0— {p(k:OL wikm) Wl(\?,'n) ’ W(Ckm) 7 ng,M) }k:]““:KV

m=1,.- My

Xy b=V DEANRNIA-RELTHT 5. 7,
AT 2R T P oL x, € RP BIEREAHL,

X — (157 2 2 \T 3
t— , X ,X17X1X2,"' ,X]XD,Xz,Xz)C:;,"' »XD ( )

LEZRIND X, c R (H=14+D(D+3)/2) &5 1 |8
DATTET 3. Zorx, KO AHIBERIE

W, =x,00), Yo, =01, )

H
Oh=Y, Vo™, 204, = I, )

=1
Ol =P0pmtwi™, D04 =1, ©)
(3)11{7": <2)0k,mw,(sk’m) +W(ck’m)’ (3)0m: (3)1W )
Cpf_=_-Q@o,,, @0;@7 = 10g(3>1]i‘7m ®)
G =30, (4)Im:(3)0m+(3>0;ﬂ—m )
@0y = PEZO) o () 10
k,m FNN p < km) ( )
@Wo— _ P(k:())e ) 1
km FNN xp < k7”‘) ( )

0: Unlearned class

X1t Xt tX,  tXy

[ Nonlinear transformation |
A txp

Fig. 2 Structure of NACGMN

K My
+pk=0) Y Y exp (W) (12)
K=1m'=1 '
Y. BB, B5BOI=y P kIZE4EOa Y
A= O hEMREaLIbDTHD, AHIIBEFE
o=y ME K+1 LT,

My

Z (4)0k7m’ (k;éO)
5)y _ m'=1
=9""" 0 ) (13)
Y Y Wopy (k=0)
K=1m'=1
o =0 (14)

%%, 00 (k=0,--- ,K) 13% 27 5 ZDHEKER
pklx) £ —BF 3.

0 OB I N REED EMG 85X 7 b x,
DHEFE T =2 UCTHHT 28D D ¥ %
H5 5. 87— 21003 28AME5 2 HWTXRD
MR EL J 12 & D FEifi L, Kullback-Leibler [E¥HR & %
FMET 3 K51 wkm 22 DD EADEEE1TS

23 ORy bNAYRHIEE AR h
T2EEE Y KR — K~ 4 2 (Arduino %,
Arduino Uno) 12X > THFIL, 5F R e Ry bV R
(SainSmart #:#, DIY5 7 4 ¥ —) DY —FR—F—
R MEGRIET 2 2 TRELEIEE BT 5.

3. FIREENVEICHS 9 BRI REST

31 EEREM ERY X7 A0HMRBEIEICH
T2 ENEDHERD 7= DIHIEINED A 7 5 4 >~ Dtk
BFEEREAT - 7=, WERE ZEH = DR 2R A B 3
#(A-C)THD, 4F v 3 IVDBIREFHERHDNE
+ >4 (ID3PAD) %* % #58# O REAIFARM (Ch. 1),
RAFARJER (Ch. 2), RAHESEM (Ch. 3), BT
FRAEFH (Ch. 4) 1A L7z (K1 3). EMG 25 DEHINIC
XV 4 ¥ L AEMG v — (LP-MS1002, 2 )17
27 M) ZRAL, FRIEOY > TV v TR

_85_



Learned motions Location of electrodes

)’ \ — \‘\\\ \ ny
\ { e Q \‘ . “
\ \é s A -\ "/z:j\ /

MI1: Extension M2: Flexion M3: Radial ~ M4: Ulnar

flexion flexion
Ch.4
T Ch.2

Unlearned motions (: M0)

. -
S— el S

MS5: Grasp M6: Opening M7: V-sign M8: Pinching

Fig. 3  Selected motions for motion recognition exper-
iments
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Fig. 4 Classification rates of unlearned class detection

methods
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Fig. 7 Examples of EMGs and classification results
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Fig. 8 Classification rates of unlearned class detection
methods
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