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¥ Learning rule
“Wi(g)=W(g-1)+ a(p(q)- W(g-1) (Correctly)
' Wi(@)=Wig-1) - a(p(q)- W'(g-1) (Incorrectly)

o8 2. LVQ dEY ey
2.4 J9 9y % g5

2.4.1 diojg] x|

¥ 4¥e ¥ A9 v)F BIOPAC MP-100
System¥ National InstrumentAte] LabVIEW 5.1
€ ol&8lA 200 Ex 1 4¥x 5"3% gAez 53
A dEAE S ot & dgede e g
8 ArEE” e 209 event® AM2¥}. EEG
*1303 Hele] +3& 128Hz& *éi*‘-‘“'l gow HAFL
10-20 ""Q%a A2z $£34E AYsSAG e
=t 98& vlAE C3, C494 H9 A3E 223y
o AAEQ 48L& vyehlE 585 E 29 37 gl

b
beep e

Data Acauisition

initial Standby Fixed duration Rangom Duration

Sl I ECC

| 10 sec 7 sec ‘ 3 sec Hax 7 sec
|

1 epach

a8 3 48 £AMk

7 sec

a8 4. A AL2EE Hole ¥y

Hg 102 e 3) YA} s EE @ & 9
£% 2713 BUE Uiz, 1 ¥ 43448 23

= beep 3 e & 2-1 Fol &g WS vehgie

& FU A EEG A3 o
g £ AW 7%
d& wtE g

) Agart 1
3 @féo}rtﬂ Al Ak 2 300% A% Asgo

UI
> }.}1
offt .
o
:101

24248 3%

A48 Bre I8 594 Be A go] rAE EF
g 71 Jdd. A WA B= Random Acquire RE
24 3 48z vt A A¥d AEEd. 97
EEG HloJ8E& 7]&8e FAd unA] 43] 43 A}
449 Stimulus 3 (stm #L)E& YA E}. o] stmyt
2e F, $ eventdE & 1094 vehdc F WA =
=¥ Scheduled Acquire ®E=24 Random Acquire
2ooA BAYE stm FYE o]43F o EEG AlE dio
HE 7123 A W8 2=+ Simulation RZ2A

482 M AAY EEG AZ HolHE ¢4& 4 ¢
cue AZE FoidtyE g}
Azrstet " Qvlolm
2jojojr}

¥ Rxolr) 19 68
U4 asrEe A4 A
REEZRR AXA & gFsg=

% 5. 48 2=(mode)

32 6. Stimulator 39

2.4, 3 ’WEJ UMY Y

9 "oy =3 47é° 58 42 dojE F cue AF
7} B"‘g?" 120D cuedlZt AR F 12(12)
2] dglolE e AIEgth Artifactd 3 ddUEE
ol && A (0.5Hz clste] HFo4¢ REIH 50Hze) 49
a3y BEe *U‘]a Bk E AgdMEe FPT é,l
g & & p3(9-11Hz)7t AAste Al v)g
ARz zge gEseen AlgsYrt. poe ﬂz}o]
£4d4g AgsAY 4E W AW ez Jede F
= th9olr] wifolth ZF 12%(41,12)%F EAF |
olEl & 1287h0]v},

80O ©
600 ¢
400 ©

200 ¢

2% 7. p Bt AA e

oA vEd

Yehi e & o

- 849 -



o] Hoj]HHE FFT & ¥ o 8%, 00,05 F p3}
AAsle A v&g TIE Aol

7z o AP vk AF3 AP @& vectors FE
E 13 2o 24 9 48 vl 539 d¥E S ¢ Fy
Z 33+ Training22 AME R Trainingol AH8$E
diojel & T8N 588 Testingd] Ar&sielcl. 18
3] 3 A¥AE AEE F doly & 400701t
A7z %]31 e pv 4x1, AA dlelod 715X
e w‘ £ 4x4, 7% dololsl 23 ¥y ' o
4x1, A8 dojolg 75 HEe W2 & 2x4, 4Y
Holojel 29 W& 2x19 YHE AHEP

1.5 dEXY A2=e ool £

C3tl C3t2 C4t1 C4t2
Training
dojg % 30 30 30 30
Testing
qolg = 50 50 50 50
E 2.4 3N

81 52 S3 54 35

Training| 240 240 240 240 240

Testing {286/400{243/400{293/400|283/400{268/400

AAE | 715 | 60.75 | 73.25 | 70.75 67

3 ggAeit 4zhe Fele YYAD dF 70% FE
9 AHEE Bolx Utk 529 A T AEA AF
AR ZAEH B 49 9 artifacto] s 9
AE A deA 8 Z=E A8

3.4 £

B e=RdMe LvQ 443848 o83 EEGAESY] ¥R/
E aysigo. AFsege] gYguiezE 7 Holg
Set(12871) & FFTE & ¥ 0.5Hz-40Hz Aelold u 37}
A8 FoE v E AR EEGE Ve e
BCI Al2"g& 7t doire AAT Holy A
7t 2889 3 AYges LVQ ARYZLE AU
o LvQ 2738238 BEE dFdoHE AN #%
AL B3l wes ez AN Myt slsstded
2o &% #A2E ¥ 4R 2 Wi 48 3
E 58 & ¢ A4 de HHE U5 E &ty
OM = ~?— ool g AYelM o volrl 4, &
o} FAYAR] 42 5 YEE =HF Aot

Fxed)

[1] Nikola Masic*,Gerf Pfurtscheller,Doris Flotzinger,
" Neural network-based predictions of hand movemen
ts using sitimulated and real EEG data”, Neurocomp
uting 7, pp 259-274, 1995
[2) N.Pradhan, P.K Sadasivan,G.R. Arunodaya, "Det
ection of Seizure Activity in EEG by an Artificial Ne
ural Network : A Preliminary Study”, Computer and
Biomedical Research, 29, pp 303-313, 1996

do 3y Ay

(3) J. Kalcher, D. Flotzinger, Ch. Neuper, S. Golly,
G. Pfurtscheller, “Graz brain-computer interface ii: t
owards communication between humans and compute
rs based on online classification of three different E
EG patterns’, Medical & Biomedical Engineering &
Computing, 34, pp 382-388, 1996.9

[4) Ae5, o142, 3737 ‘BPNE )&% EEGHE ¥
F Ay, A7% 2 dAAM2Y F8ehedid, pp 217
220, 1999.10

(5) Carl G. looney, “Pattern recognition using Neural
Networks theory and Algorithms for Engineers and S
cientists”, Oxford University press, pp101-105, 1997
(8) William D. Penny, Stephen J. Roberts, "Experim
ents with an EEG-based computer interface”, Depart
ment of Electrical Engineering, Imperial College.
1999.7

(7) Peder Norrby. "Brain-Computer Interface : using
EEG for control and communication”, The Cognitive
Ergonomics Group Human System Integration Depart
ment Volvo Technological Development Corporation,
1998.12

- 850 ~



