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Abstract

The initial fuzzy partitions in fuzzy rule-based classification systems are determined by considering the domain region
of each attribute with the given data, and the optimal classification boundaries within the fuzzy partitions can be
discovered by tuning their parameters using various learning processes such as neural network, genetic algorithm, and
so on. In this paper, we propose a selection method for fuzzy partition based on statistical information to maximize
the performance of pattern classification without learning processes where statistical information is used to extract the
uncertainty regions (i.e., the regions which the classification boundaries in pattern classification problems are
determined) in each input attribute from the numerical data. Moreover the methods for extracting the candidate rules
which are associated with the partition intervals generated by statistical information and for minimizing the coupling
problem between the candidate rules are additionally discussed. In order to show the effectiveness of the proposed
method, we compared the classification accuracy of the proposed with those of conventional methods on the IRIS and
New Thyroid Cancer data. From experimental results, we can confirm the fact that the proposed method only

considering statistical information of the numerical patterns provides equal to or better classification accuracy than that
of the conventional methods.

Key Words @ pattern classification, fuzzy partition, statistical information, coupling problem
.M B s WA @I} A FHE Fo2l X4 YevE
35]

EE2REH ZAN] AT TS dvEc] FHHIUL
HA FHS 7|wre 2 3 BF AIAHELS Ao, orE [1-811-14,17,19], 2159 EAS t}&7} o] Qg

3 53 2L g $4Rokr JFHoE Herolx U

%3, Aot NHEFE A TASe) FLHA 7 9 N

% dwgos sA FAV ERASYY v gee 7k A AR 2 SARS WY

Fold #AH YA uBe] g Faysn ¢ 1) 7H U (Rule selection) W

Ao S0 os) ARAL TP o5 AR 4 gERe) Bx FH7M BRAAgA FolR FHH

A7k gon, gRE wHd AR kel Qs Fesyy S delEERE 1S 345y ds AHEss wues,

W7 A ¢l (heuristic) W o2 ZAF A, o]83 o]g & AR FAE] & HAFsr] A ABRI6,11,17],
Az GdaalE1 41213] a8 dEZV[14]e 7 g

MRt : 20079 108 62 B7MES B AN wARS HASAT,

etz elX}l : 20084 19 15¢ o) 54 A (Feature selection)

it = . il = =z ] ] ‘Ez]_g__ v o) j% -OJ%

360



FEAdA »F 93 AL o)y wFo| Thawonmas
e} Abell9]&= ¥A]| EF/7]o oJaiM AAE S F0E
(class regions)®] #4418 TAHZ BHHI EAES AA
g g e darglEe AkEsidh

Y. WA Ba Axguy

[) 28] E3(Grid partition)
Foz =Hel g FAY e FA g9
AT T2 o] R BES 149 FeHo F7te
2RE 537 wid, HA fEoe] dojHoz Aol

bttt 43S 7FATH1,2,4,131.
) &4t E?,%(Scatter partition)

a8= £83 vluElE w, 8] o] B} MEE
H e A dael oAb S48 M HEEF
LA A 7 E3A ] uh o) m[1] HX] d = (fuzzy re-
gion)2] FElo wet polyhedron[5]l9} hyperbox EEH6]=
ARk 5 ot
o) As4H< —E*?%(Iherarchmal partition)
FHolH, 2 dHlH o8-8 o
A IF-THEN 12 94 ZA = (the grade of certainty)$} A
A® AAR ) Wt 7 2= Fee) B 7S 2V
HA] FEFOZ B3t WE[7]olt) o F So], kel
dele} x4 g 8¢ HA IF-THEN T3 2]
FAETE Hold dAARYG & #HE e A 2 H
7} ‘?iiﬂr% 8= lij’ii SIS ¥ X] BRI Z A3ty
e HA BEFORE A
&g 244 0}*—'3] U A
|

fl

H
glol ARH ol A oA R X FAE AE
9,1‘:4'}1—:' Rolrzgl% zﬂ-g’—-a}x]lﬂ, 1:,}%3]. 716 W ;q]okx%E__Q_

Bl RA THE=
AR Slek 1) Feld welEsk A Sgel Al
IodelEl bR RE wEl 99g X ERINoR
AL, 1) T FA AH HR BEe oJAHs 2
A4 who® AAEN i) HAHo FiF WOz

Hall 2710 Aeold HA L&3rE9 Fev|
3fjoF it}

k] B =Roi ola]dl Aokde wmrl gsh ur

Moz JAAIFIZ] Yl Folxl vlojele] TAIAQ] HRT
S IH3 HR Bao] MeubHS Forsic) Aokd i
ol EAAS ARE FoiA 4 ]HETH 7} oled 2= o)
EEA ‘W’, % JERFEANN 7 AA 44
Z3)l7] Y AF&EU) Ui‘o*]- EARN AR
" 273t dgste F5 ?r’*“;"—%
3l7] Sl W 7 IR FAE 7re AZY(E
€ FHaslst] o3 Ui FrHHos =9 a@:},

£
—LI
P ©
O
4>«
0

4o 4y
2

2 WX 2 AHTI

kA o2 BT FAOA m3ord Byt
+ U 22 2588 & ‘B4 9 Y9(uncertainty re-
gion) ¥ ‘B4 o H(certainty region) 0.2 YHth 7]
AN CEBEFSAY 99 dEHERe MHeol FHA o
A& 949 F A2 O S22 Aod HuEo]

g golg oulstn, ‘G4 FYe BRAFO 1%

2o ol
rQ N o

AEFS AFse 99 5 AoH Helsel BHHA &2
AdE on|sity 19 12 A E=ddGggor] ‘BEFA4A
B} ‘gad FFE deRlZ] 93 RIS dHlolg e 274
o] £A (Petal Length®}t Petal Width)%H& &3l o ojr}
1 2 ‘B A&

S

.......

+  Saiosa Class
2 Varsieolor Class
+ Viginica Class

27 1. EERE ¢35 IRIS dlole9 o
Fig. 1. Example of IRIS data for pattern classification

& o], dEAHEe] 19 13 Z2u4, 7IE9 &+
e Fojz EHE S EFs] A
Length®} Petal Width7t 714 Q
713 771 [0, 25])& HA Bﬂ?ﬂoi AR,
719l A=A &g FAsh7] Yl 1 =il :rLZl-% 3
HA] BEZIOZE Yra B Awol HOt He
AARS 27 Y 1 AoE A BEFTEE A
o7 ZASA "o ey "M B 5 x| 30
2~ (Setosa, Versicolor, Virginica)g 73
Ao B& AANL HMor HAR ‘BEAA

[4.5, 5.1]3F +%F [1.4, 1.8D°lA

dr 2
I =

BUARY

K
AYH R X
HR] BaS _?,]3]] ZAR 3! og E‘%QOPG Ho= vl

X
o
ol
o (g B ro Y b 1o g1 1o b

e
iy,
2 oox of

o
—

"

A:{a’il’a’ﬂ’ o @ m} (.__1’2""’8)

O: {Cl’ CQ?"‘?Ck}’ (1)
(lz'j = Cpy (J - 1,2,-..,?’1; | = 1327°"ak)

7A@, Ggr s Gz IR HOJE 7} 7R noRe]

FEAE ouEta, i 24 JHEA disiA s dlo]

HE veldd, w3 0= &9 &4 & S 29 g2 v
ERAGL, o, € ¢ k78 SALE FolA A Fda2
TREE v old 7 WHEHAFY =l FANA
w7 Bge) fob 1Ee) T e e wAS) 9
M A=

S

A=
7}k = &

it _©,
o

o

361



SHREX|SA|ABEHS =2 2008, Vol. 18, No. 3

g 10 2t S diEiA sHe] dlolEle] A A

__ {,min _max _o
Q; ; (a » (5 aaz'j)
min __
ag; mm(alj, Qyjy - ;)
max __
al,zj - ma)X (alljja;2j’ cany asj)

aj; = \/{i(%‘j—M)Q}/S (2)

0, else ” (3)

|

A (ol ¢y, )& KRS BA2E FoIA
Ea

1714 (a

Aol 3= A JHEA dold g,

Yebdth 3 g € gL, S JHA JREA A
SEED P E%LQ}T_— diolel7} A5k 1, 1%x

0

Ag vhehdo,

cL°,£=

o =
=2 T

tlo g

m R
&
f

m
ol

o g
(g %

b1

VA 4- 4 QeziY FE8 7 JEd5A49 dolH F
AAR] AEE Argo

— [amin

a’zg,m ’ij,m? a’?,_;f m]
a;?ﬁ =min (a,lj’m, Qoyjmp o asj,m) (4)

max __
Ay, — 1NAX (alj,m7 Aojmy *+* a‘sj,m)

— [amin max]

a’ij,.n 13, ? a”&j n
a5, =min (@u,na Oy -+ asj’n)
Gijn = MAX (alj,n, Qg - a‘sjm)

A7V ay,,, = lan, a9} 5, = lafyn, a1 247}
HA P& el mAA} nHA S2h2d )23t
= delgge) Argst A Anlaw, oF s
I YEEE Yol HoH FPAEe] FHS vERAT
@A 5 B 429Y 953 4 Qs4e) 2o 73
& AR, YESAEC ANE FALE o) PR

(overlapping region)S- F&3Hc},

_ min _max
Ul= [a’zjn’a’ijm] 1falmm <amin < gAX o omax
_[ min _min max _max]? 17,M 17,1 aij,m aij,n
CI= a’z’j,m’ a’zg n ] [G’Zj m? a’zj n ]

AZIA ULz mAA FH2 T [0 ™3 n¥l A

13,m? “13,m

22 72 oy el NZ FHE do B A4

1Hn? 1N

gejola, CF= 1EA e Aol gele v,

362

=l G &=}
» Attribute j
min

V.

i ym yn ym U?? 1}

Certainty interval Uncertainty interval  Certainty interval

(a) 23AY 997 24 3

= =2 O

Membership

agl 2 A BEe) o
Fig. 2. Example of fuzzy partitions
(a) Uncertainty and certainty intervals (b) Fuzzy
partitions for uncertainty and certain intervals

a9 2a)E olg FU& FIEY B 99 g
A4 gele dehd Aoy, 3 2AbE 7 GAERE
HA] 283 o HojFrh 3 afoA ‘EEAH I
(7-3ta i?liaazjm])o Fol7 HHEZL sk H}’:/‘]
& ojol = HA] FRFALS YR, o] 99 WellA
HA & 7F o gA @@Q A *]EHH 5-%4 iy

o) AR wF HAY A (", afr]F T
a7, am ) 17 114 BelE oAl AAE, B 4%

1hm? s

of ok e mAA g G ek mebd A
e PN BHAY FGAN A BT FF
A7) AN 28 Fehzesh AR 4 24 dolH
EAH ARE AT (B 6 B,

H2Al 60 B 5olM FEE BESAY 997 ‘GAH Y
AHe) A B 9 B AR
P:{pppgr :pn} (5)
A7VX P={p,py-p, ) = ZF FEEA] Ul A
8o 5 Y3, pv 1A JEE digk A
2l +8 onlay

(O:I-nin :al_n_in —al: O{1_11.:«)9( #&max _|_a )

2 1] 17
amax aIIllIl
or (¥} Uf
D; “( e ] = [pm}napw 6)
ij _
CcT
P =2,
e (o — )
ur
p; 1



Tt
Oﬂk1iﬁ9lﬂ:ﬂ,iﬂx];g§}o iF%?Iﬁﬂ Iéyg'lﬁﬁlz?

Al 2589 half-widtht 2d9] &2 7Fd)olaL, p,+= vl
2ZE AS L A A A4 Hx BE S22 UE
U= S

32 23 F& 3 MH

Rule R*: IFz, is A; and ... and z;, is A,
THEN C,

ANz, T e HX] JEHEEZ ou|sla
A A Ci(§=1,2,..k) & 22 ﬁ

HE FUWAE e ol n7)e Elo
Fol A& W F153(candidate rules)?] F&2 o33} 2
o

4
»

CR, =max (s, (X)), (0=1,2,..,t)

uAij(X) — nf1i:[1(uAi1 (a:l)’...,pdAm (x,,

714 CR,*= max-min 9422 53 t7]e] TR
Z‘Jl"g'._ ';IU]S‘I'_I"- MA ([L‘l) /JJA7( _,.juAm(xn)t 2_7_']- }“;(]Z-]

),
o o] Yo¥ 25PFEY HYEE e

A (®)-1De A (el
Az waz

9 FZ2H TRFAE 7+
# 43}st7] 913k 715 (criterion) ©] THS].

X
yil
o
b
)
L
E
=,
o?é
_!_;
e
rir
o,
‘ _lo

1
fe. = 2, CR, (8)
i=1,,njo=1
¢

C , if >
CRO“{ m ! el (10)
C., else

A7 fo > foo mAA TRt Fd HlEFT} 0
AR TR Nlesrtt & A miA S99 7
How AMdYstal, 284 @oW nWA Y29 FHOR
e 9w gk

.

C , it =f..,max_(u,. ) > max, (p )
CR,={ ™ fa, = e O @7
C,, else
A ADe mAA FRFHe) 8 NSF A &
74 88 A5} 2R A2 7Ae muA T
243t dg et &

SRS
A furfae Seadl Faos AGTS e

33 TEUE

2 HolMe 32480 53 2o 5 HASE
A3l A Skowron[9]ol <A Aotd HiZFF e AH7bE

P& o] 431
(¢;) =1{a € Aralz;) # alz))}, forij=1,2,..,n (12)
AN cye 4 z0,8 TR e RE S48
e (F, nxn ’54%7}%6333)“ ojmjgity. wehA A7)
5 B Dol Folrl H4F TN B ARE o
Foln 5o Polne s} 2o] Aeld + Uk

core(A)={a € A: Cij = (a), for somei,j} (13)

2l (13) o 25 e BYEE Aibel7] #st] o33 2ol

AR 7 g f(A)E ALE 4 Ut

fay=I1I sy :(a, )E U and §(z,y) = 0}
()€ U°

(14)

A (el Sl AN JYEZRE 7 £4 oo o
g HE Arks B £ (A)S T Ao 5 A

f(4) = I {6(z.y): y € Uand dlary) 20} (15

y e
Asl sigozvel Had FHe o4y A9 HES
L FAA Agsolns FAge
S 5 it euE AR Wl wit Ao
o) R A5 AN @ 7H«1 a Enhe e
FHE AdgoeA AF T FAS

N
>
nek
I
Ac]

=}

1 HE

/\a‘ﬁéoﬂf‘i* Aekd WHel g Holr] YA Hid
257l wxupy dHeolgZ F2 8%+ UCI Machine
Learning Repository 2] RIS} New Thyroid Cancer Hl©]
EHE ARSI 3[10], a2 ol& HolHES SAFEE

SHe IRIS New Thyroid Cancer
dio|g] 4 1507W 2157W
&4 47Y 571
el 37N 370

41 RIS Hlolele HXl Eatx7inf BE&tel =
2 g8y HAHFY] HA s dAs] A
RIS dlolEe] TAHA FEE VeI

363



o
Hl
Ral
olr

AlAE e =&X| 2008, Vol. 18, No. 3
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Table 1. Statistical information on IRIS data

FY 2~ Setosa Versicolor Virginica <D
=7 Min | Max | Min | Max | Min | Max

SL 43 | 58 | 49 | 70 | 49 | 79 | 0.828

SW 23 { 44 | 20 | 34 | 22 | 38 | 0436

PL 1.0 19 30 | 51 45 | 69 | 1.762

PW 0.1 0.6 1.0 1.8 14 | 25 | 0.765

SL @ Sepal Length, SW : Sepal Width, PL : Petal Length, PW : Petal Width
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