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Abstract

This paper presents a learning rule that weights more on data near decision boundary. This learning rule generates
better decision boundary by reducing the effect of outliers on the decision boundary. The proposed learning rule is
integrated into IAFC neural network. IAFC neural network is stable to maintain previous learning results and is
plastic to learn new data. The performance of the proposed fuzzy neural network is compared with performances of
LVQ neural network and backpropagation neural network. The results show that the performance of the proposed
fuzzy neural network is better than those of LVQ neural network and backpropagation neural network.
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Fig. 1. The structure of IAFC neural network

(

ol

&

A2 A S IAFC A7 3 2e] 730 44
S0 daas 24 o 48 9y7) de fAd
gA] 4= e R EE e
oAl A Aottt A5 FFEITLt AE AMS)
%, vigilance HIZEZE 3] AAH S
g wElel FE5 Zow g WHE A
Astal Fefjo iEgs 24

=
= vigilance parametero] &Jjr ZAA =T} FE5

)y

]_

J
o

N

J

H 2
iin) ri

pA
>

N
N
[
w0 ¢ M 8

= o rf

)
i i
= 9 o
fru
Mo me

O
iy my L
LN N E

H_J]
2o gEfoR sir) FY dAS 24T u, LVQ
o} FAFSHAl BRF7F wrod AR Fao) gERS oUF
WEZo g Wwulx, BR7F S A4E FYlxe ug
S Qg WEFozRe W B EF7F 9s W ¢
g W7t A4 AAHNCRE FE dul golA s
Jsle] Fello] xS A 4 WEsE A4 A
AdelA "] "ox] Q= A9 4 welrt 44 AA
A 2Ad de Aol Hste 22 SFES 7T o
AAZ 2GS HEEFS AMEE 7] Wi, EF7F AR
HAokH A4 AAA Al e ¥ WHE gds 4
A AAA 3 B ARE AT vk wEd, 4™
HE7E A AAX ZAH e JE Al o 2 s5ES 2
T2 o AH AAXN T JdE 4 HAHY
229 tEZ I HAEE ol Aotk B AAA
oA e "HojA e Y WEd disiAE A2 SgFE
S AHEFO2H outlier’t A7 AAA vX = TS =
O|ZE FHLh BFIF ER S W, oY WE £ Fo

673



A WE7E 52 AA3 2 THel $ &9
A& winner-take-all 2|22

ZE et At Ad AL AE%
AAANA s S WA 29 7,

I e
b

— 2o o
i

I:m[in"x— V[(t)", 1)

22 WUE TN 48 A9 Fol AA A=Y

e

x—VI(t)"S T, 2)

e

o714 Ti= vigilance parametere|th. A &d= 4

che} o] Aelwr)

|
vl

10 (3)

< 1
Aol

Tk 217} vigilance HIZEE WHHSIH HX| 217432
W2 A AAGEE U] st AS ARgstel 24
gkt

V()= + 10 R A
if x is classified correctly,
u
V(ED =V, (=1 (3= v,(0) @
if x is classified incorrectly,

v, (t+1)=v,(t) for i # L,

71 t WEHSl I, ot 4 M SA) HEg
3 AgeAel dEgkel Bigeld Woldrs F1EA7)
Hadts ARE 2EHE 4501, dy S VY
S sael EZS AzEA DERS FTade] F2
Zeiet Aglelth. @elA

H
g AN BAdFE A 2 571 A7 A
o
7

N

—ardy, pigae o
(& h=

A (e B =RA Ak AR S

A AR =] F27F s dEHAe
A el Regk A9 gl Y WEHES Ta

674

f o
=2 rr

0 b

oleorle ol m 2

2o T N E N
o
tlo
ol
1
X0,

2
N
o
frt
)
oy
to
>
>
o, Ol’.O
ol
ol
N

E
X0 @
¥ {rac
o
)
[

T o
w © 18 @&
)
R<)
AL
=
)
_mJE
oxl
o,
)

i)

o
o gy,
— oX o
o &

2

=2

>

U
NEALE

i
ro

2

N rlr %0 ) " Kl
o X oX o

o 2 T op m
o,
2
N
ru oL
2 oy,

o
2
=2,
jass

2
2.
2
jincs
E oy

x 2,
ich

fr X @ T kel e e & o
‘Qmsi

hines

EhGeS

o X
mw E
ox KAE REd
iz
of
k
2

e 7}

deiddleo] 75]—3[_ 670-(1)("””{‘"'—‘% :—1'.‘:}
4 AARNA el woln

—ady, pidae &
e middle NN Z—}-E}’,

z oM
)
2V

!
>
32
o
2

(.
g
o T

)
=

— O
N
N

%0,
o
[
Q.
>

E

g

Ju]

3. 48 2 AN

APeE HX] AlAs|=e] 53 LVQ ¢1d S &H/
s A3 2ol Aee vlasly] YA FeEE
dug 5 S HluskEd @ol 2olE Iris HolHES
AF&EFATE Tris HlolEE 150709] 42+ dHolH & A
o] 9dth o] dlelElE 379 FYE /X, 7 F
22 50709 dlolHE 7HA I gtk 150709 dlelg F <
o= 7571e] HlolHE AMAd FH dHoJEE AN,
7} FY 2 HE 25709 tlolEE ARESISITE U R 7570
o] HolEE HAE Hlo]EZ AME3FY

W g sh Fol Adle] AAZES) o)

=
So] H@HoR FUF Ao nI, Akshs A A7
ge] FUL BUES sdnt FUL BW F H2E
dolE & Abgstel AlStehe WA WA EFS HAE F
gtk 79 29 2ol Algksle WA 417

FE WANACH, oFAN AR Z L 54 OF
2 WANZAD, LVQ 443 2%e Tl 95E BN

=3
Qutput
1 2 3
1| 18 7
-
F= 2%
2]
Jub]
o 3 %

(a) LVQ AA 3=
(a) LVQ neural network



Qutput
1 2 3
1| 20 5
-
2 2%
2]
Jub]
o 3 2%

(b) RS A8 =Y
(b) Backpropagation neural network

QOutput
1 2 3
1] 23 2
-
L 92| 2|z
<]
Jab]
o 3 %5

(c) Alrel= AR AAF2
(c) Proposed fuzzy neural network

O 2. Iris dlo|HE A& A3} vl
Fig. 2. Comparison of results using Iris data

a9 32 T7}25°‘ o kA o] WE HHE 315 o
gk Q7o) Vg YERdTh 29 364 & 5 = vket 2
o] AgAoz *E’ﬂo}#tﬂ 23k HkE 3] 7} o2 273
iﬂPE | Wsle] ol At} T7) 250l a7F 02¢ w

E dlojge] digk 279 e 2700]a, T7} 5013
7} 03¢ w H2=E dlo]gd gt 272 74 27tk

o7 714

10

0]

8]

7]

6

5 |

']

2]

2]

1]

0 T T T T T T T T T T T T

1 2 3 4 5 6 7 8 9 1011 12 pr

(@ a7l02 4 o
(a) When « is 0.2.

r
i
Il

1o

il

1

mjo

et
k0

o

1o

ol

i3

A

1o

Ral
k0

o

el
X

tol
tu
=}

L7 A
12

10

8

123456789101112
e

(b) a7t 03 ¢ u
(b) When « is 0.3.

J% 3. T7F 25¢ wf FAA] o W& Wy Sl ok
e e
Fig. 3. Number of errors versus number of iterations
during training when T is 2.5.

4. 2 E
olzl WE s AAAAMNA HE "ol Y= Ao
Gebd SRS At SwUAL AU, Aets
Sk A& IAFC A7 3| 2ol A8-33inh Aljtsh= 4]
/‘\_]ﬁilitﬂ—ol y S LN kv 0}7] A Iris dlolHE A&
ste] LVQ A Qi‘%ﬁr At 4 745];“}4 G

s vlseleln A9 @ A% Alekeh A A48l
RESE A B B
o 0 U el SRS el S S0 A9
e 4 AFTERe AgAoR Syt 29w
¥ 3157} 59)

il
ki
o

=
(LN

[1]1 S. Haykin, Neural Networks - A Comprehensive
Foundation, 2nd Ed., Prentice Hall, Upper Saddle
River, NJ, 1999.

[2] F.-L. Chung and T. Lee, "A Fuzzy Learning
Model for Membership Function Estimation and
Pattern Classification,” Proceedings of the Third
IEEE  Conference on Fuzzy Systems, pp.
426-431, 1994.

[3] F.-L. Chung and T. Lee,
Vector Quantization,” Proceedings of 1993
International  Joint  Conference on  Neural
Networks, pp. 2739-2743, 1993.

[4] N. B. Karayiannis, "Weighted Fuzzy Learning
Vector Quantization and Weighted Fuzzy
C-Means  Algorithms,” IEEE  International
Conference on Neural Networks, pp. 1044-1049,
1996.

[5] N. B. Karayiannis and J. C. Bezdek, "An

"Fuzzy Learning

675



ol

St X SAIA- S =&X] 2010, Vol. 20, No. 5

J

Integrated Approach to Fuzzy Learning Vector
Quantization and Fuzzy C-Means,” IEEE Trans.
on Fuzzy Systems, pp. 626-629, 1997.

[6] Yong Soo Kim, “Fuzzy Neural Network Model
Using Asymmetric Fuzzy Learning Rates,”
Journal of Fuzzy Logic and Intelligent Systems,
Vol. 15, No. 7, pp. 800-804, 2005.

[71 Yong Soo Kim, “Fuzzy Learning Rule Using the
Distance between Datum and the Centroids of

Clusters,” Journal of Fuzzy Logic and
Intelligent Systems, Vol. 17, No. 4, pp. 472-476,
2007.

[8] Y. S. Kim et al, "Supervised IAFC Neural
Network Based on the Fuzzification of Learning
Vector Quantization.” Lecture Notes in Artificial
Intelligence 4253, Part 1, pp. 248-254, 2006.

O] Y. S. Kim and S. I. Kim, "Fuzzy Neural
Network Model Using a Fuzzy Learning Vector
Quantization with the Relative Distance,”
Proceedings of the Seventh International
Conference on Hybrid Intelligent Systems, pp.
90-94, 2007.

[10] M. Plutowski and H. White, "Selecting Concise
Training Sets from clean Data,” IEEE Trans. on
Neural Networks, Vol. 4, No. 2, pp. 305-318,
1993.

[11] J. -— N. Hwang, J. J. Choi, S. Oh, R. J. Marks
II, "Query-Based Learning Applied to Partially
Trained Multilayer Perceptrons,” IEEE Trans. on
Neural Networks, Vol. 2, No. 1, pp. 131-136,
1991.

[121 Y. S. Kim and S. Mitra, "An Adaptive
Integrated Fuzzy Clustering Model for Pattern
Recognition,” Fuzzy Sets and Systems, Vol. 65,
pp. 297-310, 1994.

[13] Y. S. Kim, "An Unsupervised Neural Network
Using a Fuzzy Learning Rule,” Proceedings of

1999  IEEE  International  Fuzzy  Systems
Conference, Vol. 1, pp. 349-353, 1999.
[14] Y. Kim, and Z. Bien, ’"Integrated Adaptive

Fuzzy Clustering (IAFC) Neural Networks Using
Fuzzy Learning Rules,” Iranian Journal of Fuzzy
Systems, Vol. 2, No. 2, pp. 1-13, 2005.

[15] T. Kohonen, Self-Organizing and Associative
Memory, 3rd ed., Springer-Verlag, 1989.

[16] G. A. Carpenter and S. Grossberg, "A Massively
Parallel Architecture for A  Self-Organizing
Neural Pattern Recognition Machine,” Computer
Vision, Graphics, and Image Processing, Vol. 37,
pp. 54-115, 1987.

[17] Young-Sun Baek, Fuzzy Neural Network Model
Using a Supervised Learning Rule, Ph. D.
Thesis, Daejeon University, 2009.

676

Al Fof
Phone
Fax
E-mail

X A A i

8l 2 M(Yong-Sun Baek)
1998 -F o gt e et A}
1999\« i o star djshel A 3FE]S e

—3'—5’1-7\4/&}

b B |

2003 ~ A : Y eiet e 4 1t
e

AR R, HA = T

1 +82-42-866-0394
1 +82-42-866-0399
: dodo029@ddc.ac kr

Z2=(Yong-Soo Kim)

1981 AAe st 7] &8kt 5 Shat

1983 : KAIST #7] 9 #Az}3-8tz
FEAAL

1986 1 A SFAFAE FAAT

1993 : Texas Tech Univ. -&3HkA}

19953 ~ & A - i gl 558 25t

dg

°
n
N
f

(¢

D +82-42-280-2547
1 +82-42-284-0109
tkystj@djukr



