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Abstract

In this paper, we design the hybrid learning algorithm of LVQ which is to perform EMG
pattern recognition. The proposed hybrid LVQ learning algorithm is the modified Counter
Propagation Networks(C.P. Net.) which is use SOM to learn initial reference vectors and
out-star learning algorithm to determine the class of the output neurons of LVQ.

The weights of the proposed C.P. Net. which is between input layer and subclass layer
can be learned to determine initial reference vectors by using SOM algorithm and to learn
reference vectors by using LVQ algorithm, and pattern vectors is classified into subclasses
by neurons which is being in the subclass layer, and the weights which is between subclass
layer and class layer of C.P. Net. is learned to classify the classified subclass, which is
enclosed a class.

To classify the pattern vectors of EMG, the proposed algorithm is simulated with ones
of the conventional LLVQ, and it was a confirmation that the proposed learning method is
more successful classification than the conventional LVQ. V
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2 FoM A5F 99 E QAN S E Rt
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ol 3=, Helo] 3 dzAidyd ¢ AHEFIE
AAG ¥ 2AF e 2AEE ) o8 £5F3t
o BRlo oAz &3 ¥ +55 & 5 A "oha).
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£4& BAE AoZ JusHes YA svtes 3
AE 258 AFA 9 d77t APz U

olgdt Aol WotFo] ol ux| € AAsizw
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2] 2 Hel4 7ol a7t Aasm JUH(3).

HT oz YIS sl de] drHn e o
AR 2ge2E 19899 Kohonenoll gjall AH LVQ
{Learning Vector Quantization) ©| it} LVQ &9
719to] s 24 82 19879 R. Hecht-Nielsen©] A
et in-star FEHT 19749 S, GrossbergZt A¢HE
out-star grgie] UTH4-7).

olelgt A4 8F F in-star TFE 7weg 3 LVQ
£ A=8s(supervised learning) ¥ BIX| =& (unsupervised
learning) & $Aldl AMEITE LVQS] YHEls} 7]EY)
H(reference vector) 2] #AIEE 435k 7H GAM

o] g3k 2 wHlo] sl Hu, gElwde] Ze
29} gJeldee] geav) Zow dYwAY Selwd
Alole] dAZRE AW 9] Wetog 2N T, FPA
7t B2 927 Es dguE g dighleke 2 gzt

LvQel 2& gexed) gnzlZde LVQE vSsld
SOM(Self Organizing Map), CP Net.(Counter Propagation
Networks), ART(Adaptive Resonance Theory) 5°I
ArH8-10).

SOM3 ARTE in-star &&S 7|¥o 2 & v =gy
& 3 BEEES 2K gerl SOMR Age] 12 ¥
B HEFRE He A Al B AHdeE 231
E% W(feature map)o2 ke Ho| ©o] AL8HT,
ARTE ZATEEE Fol Yedee g 9oz BF
e AAXNY 23] bl ks fARE Ze 98
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FolAl et

vhHol in-star S5 out-star HEMHE BF
AME3R= CP. Net.2 98 %, 2828 %, 29 So=2
TE 3% 729 A3zt 4 23 F¥aE &
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g 233, geiaE FM SRy 29 & A
ole] AARTS Bl out-star Etalo] AREEL)
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Fig. 1 EMG measuring system
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(b) Forward only Counter Propagation Networks
a8l 2. YEHNTS FAK
Fig. 2 Similarity of the networks
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Fig. 3 Proposed learning network
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Fig. 4 Experimental set-up
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Fig. 5 The picture of EMG measurement
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Table. 1 reduced EMG data

5B Yol ARWe| Teh ANE gl H(5)%
o] Bgro] Aol wet agr)

Gl ‘1.: .a.. @ o fxd
AUE : : ) ITER ...~
oy v - , : a=a(0) - —H—‘F oottt ar s (5)
M, 19| (19, 2) | (14, 0) | (2, 18) | (7, 13) e
(14, 14) | (19, 10} | (15, O) {5, 8) (6, 4]
(18,171 | (11,0 | (11, 8) | (0, 13) | (8, 12) A (5)l  ITER . = 8% 32 o0) & &
(9. 14) | 19,8 | 027 | 5, 10) | 18 10) 4 ()l o & HE 2T 00) € 45
(18,170 (19,00 | (12,7 | (0,19) | (8 12) 5 Y @58 o © *é_’s‘% 2713 a(0) =%
4,14 | 7.2 | 15,0 | 2.4 | 6 & g aho] AAE A Ak A€} 3 alokd s
as 1Ml 0e. e | a8 | 6.8 | 713 1 el AP AxE] dade 22 A H4e
(19,14 | (13,00 | (14,00 | 24 | 812  UEHAINN F5 Fei2 33 22 3 Aol d24=
(14,140 (19,00 | (12, 7) | (5, 10) | (8, 10) A} A(5)E AMEEl] Blo] AsWA AT
(14,14) | (7.2 (11,8) | (2,18) | (8, 10) PRI 5 o
& (08 17| 9.8 | (4.0 | 5.8 | 8 12 O A nise segel e A 07,
2|19, 14| 113,00 | (15, 0) | (0, 13) | (8, 10) 0.5, 0.3, 0.12 4A3ln XH°P51 SEialE Z2Hs LVQst
4 10|0010| a0 | @ | G T LVass SAS deR AdeRE AR 8
s fos | onn|azn | ee | e a B AR(E2 3.4 5 ot
19, 14} (19,86) | (11,8} | (0,13) | (7, 13)
18,173 (11, 3 | (11, 8) | (0, 19} | (8 10) N
' ' ’ : ' ¥ 2. 2HT Hole{e] B7 2A £=(a(0) = 0.7)
Hg 1‘;’% Sg g; Hi 81 [[52' 1‘2] E; 12 Table. 2 Classification error of EMG data
[19: 14) [19: 21 (12, 7) [2: 18) (é. 4) the number of | 000t 2000 | 5000 10000 E.;jg :
(11,19 | (19,00 | (14,00 | (2,18) | (6. & . - iterations I DO Tt
(14, 141 | (19,6) | (15,00 | 5.8 | (7, 13) LVQ(Random) an | 4| M| 35| 316
(18,170} 13,0 | (11,8) | (0, 13) | (8, 12) va A 6 5 2 2 3.0
(19,141 (19, 2) | (12, 7} | (5, 10) | (8, 10) (Learning B 34 28 31 33 25.2
(18,173 L (11, 1 | (15,0} | (0, 19) | (8, 12 vector) o 20 165 | 165 | 175 | 14.1
the proposed method| 6 6 6 [¢] 48
A SEduziES Axe A AlEY el
31, 71&9 LvQ SaeaeEde] ¥ ¥ 3 ZHNT HoEe 25 2K £a(0) = 0.5)
s}, 7129 LVQe 27)@=dEie] AL (0, 10) A Table. 3 Classification error of EMG data
ol @S TAAS PR A9 Ad AR 2 theitgru;i‘::;d : 1000 | 2000 | 5000 10000 E[;I—}S-
> o A o = - - 708
7] 7“}5‘-‘39511 1‘}‘%‘\_ %Ti ‘4—r°1 A]gﬂlo}*‘io}_ﬂ' Z"Z']' LVQ(Random) 40 40 38 35 30.6
o] SREFE4HS v Lva A 2 2 2 2 1.6
7129 LvQ YIEQZE 48 o 24, 29 w4 25 (Learning B 59 59 52 41 422
1R A, 2508 28 A 2 s g vooon)_| B | 305 | @06 1 27 25 | 2.9
= e ‘wol) PR 2aac) AREE 24 Za the proposed method| 6 6 6 6 4.8
22 zl?éo}%iﬂ}
E3 Ak geulEAY 948 7 20, 3% 29 E 4. 2XT dplele] 27 24 #(a(0) = 0.3)
2 29 %8 o5l Felx 2ol REle = /\}«%—o}-ﬁ’j‘;} Table. 4 Classification error of EMG data
S, e, ', o, "o gigk Zdzte] S 29 theitZ;r:i\:z;of - 11000 2000 | 5000 {10000 2{;}}%
%]._o,‘ @@g}:% [‘1,'1,‘1]. [_1,‘1.1], ['1,1,"1]. ['1,1,1], LVQ(Random) 22 22 22 22 17.6
(1-1-1J& 3o %% 2= 59 selwdd Sdh= 3 LVQ A 6 6 6 6 438
o] 28 FHrlole] QAREE sl (Learning B 33 36 38 38 29.0
SOM, LvQel 9247w 9 Atd we] ol 23 2 vector) A 195 21 22 22 16.9
& Zoa 2 Aole dAWEE Gaalr] 93l ALLE the proposed method | 9 9 9 9 7.2
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E 5 2% ColEY &7 24 £(a(0) = 0.1)
Table. 5 Classification error of EMG data

the number of |06 | 2000 | 5000 10000 | ZHE

iterations ] (%)
(VQ(Rondom) | 45 | 50 | 50 | 47 | 384
LvVQ A 6 6 [ 5 46

(Learning B 35 38 33 33 278
vector) e 205 22 1195 | 19.0 | 16.2

the proposed method| 9 9 9 9 7.2

99} (& 2, 3, 4, 5)9M the proposed method”} A
obel sRAl S vehllz, LVQ(Random)#} LVQ(Learning
vector) & 71&9] LvVQel 4ol LVQ(Random)2
Z7] A=YEHE (0, 10) Al T390 2 YA 2ol
t}, LVQ(Learning vector)$4] 8ol AMEH= HY
HEE 2] FUEZ ARSE 4R A9 B eR ¥
Falgoh Adale zt galxoly Z ZH28 M dES)
£ 579 SesEE Wol 25x2 2] ARWHE TS
733olm, BHle shyol AMgH e HEHEE deixFE
25708 Wolr] 25x2 27| FEEEE Y Bfelch

el e, o, e 7 Fels WE 25we] 23
d o zt Fala ¥a 2579 AT dolHE g 2
ERH2E f02 AMSSIEE AA 125719 HE7) S
9 EReAES Y AL

o2 (X 6)& (H 2, 3, 4, BHE ¢ £/ ¢
9 Qargo|t},

E 6 T 2R ¢ Y 27 2B
Table. 6 Number and Ratio of classification error
the number of i o

T 1000 | 2000 | 5000 }10000| - ®F |
iterations i . Sl Lo
E "
wa A 37 |38.25(37.35[34.75 | 36.
(Random)

BEReAB(%)| 29.6 | 306 | 299 | 278 | 295

Ha

oI
LVQ X 2263|225 |21.25( 20 | 216
(Learning
vector) |ERSAE(%)| 181|180 17.0 | 16.0 | 17.3
= '
the oxi 75 |1 715 75 75 7.5
proposed
method |EF2XE(%)| 6.0 | 60 | 60 | 6.0 6.0

(R 6) HTEF 2A8E =8 veld Re] (2
g 6)elch.

EMG Pattern Recognition
35
30 " m——
—25 | _
-3
g 20
\
W 15
b
10
5 .
0 . . . . .
0 2000 4000 6000 8000 10000
ERE N
——Proposed M —#— LVQ(Random} —— LVQ(Leaming v) |

O3 6. ERRXE
Fig. 6 Ratio of the error

B oA & o, 2} Z¥xdlA 5iHe] sigy
B ol 25%2 37) FraelE 33 71Ee] LVQ(Learning
vector)-A BH&bdel BRexizt AgkE whalEc Aol
oz A7 Jeh} Br} £2 EFASE 2 FoE ¥
el e 22 w4Q) LVQ(Learning vector)-B &5
e Ate ggurdnn BRAdSel HolAle AR
ol At

Ak o2 VQ(Learning vector)-A W43} o] 3
Aol 2702 1LVQe 2] F2HEHE AFske AL o
Se2 QPR E Ad¥shs Hed ¥ v LVQ(Learning
vector)-As} B & Hisld melshs Zlo] Yukdolgt
AlsEd. 1222 AtE EMG HlolH Al LvQ
(Learning vector)-A$} Be] HaRth 11.3(%)e 245
o] 7M=L, LVQ(Random) E54h4]Brt B3t 23.5(%)
o] BF 480 AAEUIES S
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S5 & UES AALEE e FU2HY LndEe

uaHoz s shrlEdas AT




ri
(2
H
B
i
r [¢]
=
njo
“©
e
(H.
.}
ofh
=
<
O
.L?‘..
fy
.
&
£,
N

121

Aed EMG EA2E A4S sk SOM,
LVQ, C.P. Net.o] #x39] fAM T &9l 43 4K
o Aelegir}.

At FgFEHIE AA F2e W¥E CP. Net.
FZ5 7 9aEF 29 E u A8 BE AT
£ 2= LVQ SgviEd Az AAEA

AR HAlS] T4slE Yaled SOM WIESIAE AME:
slod 400<19) HHHEE 2x102 WE LS oAzl

LVQst SOM HESAS} 324 2 T35 43l
L2l & oxElod SOME olgsld LvQel Z7|
AzMES gl LVQ WENITS] FBAT s o
24& nsigd

EF C.P. Net.72Z WEsld LvQel % Zuxs
222 G958 5 Y= 9ok

Are FHUENAE HASld EMG dHlolele] 74
& H2E & 27 AgE dgulEdas 71ee LvQ
g5 ESA B} EMG HE 2R/ 23180 A3 Zof
E HRESASS 1S golsignt

by 2 A3e ol w3l Fo= sl & EHA
7t £8% A HeEol 287150 £45HUS A &
7159 &4& BAEs Ang ATy AR 7
of 4 g Aoz AlgEn

Hags

(1) Hske, "g3o] A 2Hx Az B4 ¥l o
e =23, A 139, A 3%, pp.777-789,
2001.

(2] Az¥, 948, Wi e, "EHEe ABAE ZHAke
diE 87, UaEexzIR] =EH A 108,
A 1%, pp.199-212, 1998.

(3] o1B¥F, A7, o8, A% VIR Z AdE
218 #2-SOFM #halel A= el digaia
FeE=8A, A 407 CI¥ Al 2&, 2003.

{4) T. Kohnen, Self-Organizing Maps. Springer
-Verlag, Berlin, 1995.

(5) ol&7, %5, "Forward C.P. Net. & o|&% 3¢
LVQ 5, FEAFHY RS =27, A9
A 43, pp.33-39, 2004.

(6] Laurene Fausett, Fundamentals of Neural Networks,
PRENTICE HALL, 1994.

{7) M. T. Hargan, H. B. Demuth and M. Beale,
NEURAL NETWORK DESIGN, PWS Publishing
Company, 1996.

(8) d<d, "HEUI Bk 9 danAdE 4% A
A A4 A7Mdd st v SOFM A, A
AHg3=73, 54, 28, 2000.

(9) R Hecht-Nielsen, “Applications of counterpropagation
network’, Neural Networks, vol. 1, pp.131-139, 1988,

(10) T. Kohnen, “The Self-Organizing Map, PROCEEDING
OF THE IEEE, VOL. 78, NO. 9,pp.1464-1480, 1990.

(11) #AA, &5 BXE o83 LvQY Hd ¥5F A%
A, FRUE wArek =&, 2002.

(12) Baras, J.S. and LaVigna, A., “Conergence of
Kohonen's Learning Vector Quantization’, IJCNN,
pp.17-20, Vol. 3, June, 1990.

(13) Tanaka, T. Saito, M., Quantitative Properties of
Kohonen's Self-Organizing Maps as Adaptive
Vector Quantizers. IRICE transactions on information
and systems, D-II, Vol. J75-D-II, No. 6, pp.
1085-1092,1992(in Japanese).

o
AL

i)

o8

19874 B30k Bk}

19934 SISk BN}

19974 Bxigtn FERA}

1998 ~2005 A AR
e RRTGH Hs

(@AEop AT 2 WA A7
H=2, Bz, o
§Q, AN ER)

Hes

19774 Schetn Bohl

19814 Bachek S

19944 Ecskn Fohi}

19983 ~2000d I=AFEH L. 8
8 S8

20004~ YATERRS 1

19811 d~20053 A ZHALAR
o AREAT 35

@oh HINESE 2T,

il




