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Input 1} Output o JHE Learning 2
S0l Pattern classification €= Recognition &=
g2 XENMK B2 HARXS0| HIRE 5
ol X3k HIRE LI QUL Learning 2
S8t pattern classification Z£= Recognition
JIgl £ WEXNQl 2422 Fuzzy inference system,
Neural network, 32i1 20 %S HRI A
Z 0l Support vector machine O] QUCH KOIA LSt
21219 J|HE2 MOICH SHETl=E &EFHE XD
A= P HEES JHXD YN 220=s w2
HAXE0l f9 J|gsEg dAeld o U
classification &8 APt UL Edl Fuzzy

inference system 2 HRE= AEN st XS
0|85t =g L #=XI dIOIgE oigst

learning machine JI®IE 0I86IH MEZNHE £
10l Si=0l STstD SBAIE pattern 9 AR
Q12 HEOo REOZ QI S&AMM0| EX &
SH0ll QICH Oledst Ol M0l input-output data
22 XIAZ2 AN classification 8 $#dl=

ek

214

neuro-fuzzy system O} RIQEIUCH7). Neural
Network 1} Fuzzy inference system 2 &'& neuro-
fuzzy system & classification 2 $83IDXt 6l=
CHat system 2 fuzzy system S} fuzzy logic 1t
reasoning 22 A8 XAloz HZEE £ Qg wol
OtLlet, neural network 2] learning It adaptive
SEZ2 0|Z20t0 fuzzy system 2| parameter S8
A £ UL YBHOZ jnput-output data =
0|88t neuro-tuzzy classification € structure
identification I} parameter identification @2
T =0, structure identification 2 fuzzy
7E EE= gxo HAZXEBtD  parameter
identification & A= &2E9| parameter EIt
ZUHREO| MdE  2EAG JE HASEH. B
neuro-fuzzy classification OIA =& FE
classification 2 F85t0X Bl= CHAt AIAEIG
ZFMHZ  input-output data ZBREH JIE =2
structure 2t parameter 8 2&ol= ZI0|CH. O
fuzzy mode! Ol HUR B =2 Rag 2=01H
ZFME& output data 2} fuzzy output data AHO|Q)
error & ZAGHKIRE HR =& output data Off
I G0 Rals ML AR FHXIXN %2

A=
T=
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output data Off 23tHAE error JF HACH Ol
HHHE UR &2 29 RIS H=0S 22 22
A2 g2 4+ QUOLt e =Mdl= error Jb
HXA &= H0ITH

8 structure identification OlA IHX|
A& E ZEole A2 input 32U LiFs
BrHO 20| U=l input B2UE Liss g2
SOHX ESF QUCH HHM - grid partition

gtHoz 0 2HES course of dimensionality,
A& 29 DJlolgs=® &I, Unprdictable
completeness, computation cost S2 CSHEES
XD A7 20 Hel ABE oA =Lt

identification OIA
g0l edl, 0l

SHI 8o structure
FZ  M0l= clustering

LHUME cluster 2 JH&=E Dlc| 002 SHHLE,

OfLI™ grid point J} cluster ELO2M9 J|sS
B8 = Q00 BICH. -

0lzigr HHEE2 =|dtk 2 =R0Me
HX RS £E HFE &0t OtLia, Ietold
2& ZAGk= Support Vector Fuzzy Inference

Classification System S MICHSHCE. GIJIA HMIQHE
Support Vector Fuzzy Inference Classification
System 2 input S22 w2 9 &8 32
(High dimensional feature space) 2 AMAS=
s AR (mapping)2 SHECEZM FOHE
2260 non-separable data & dEXcE 4%

= QU ™M SVWFIS & PXE= model error E
0|28t constrained quadratic programming S
ZlA3BtOZ M S 4 Q}. Chan & [tI2

radial basis function network O J|E48t Support
Vector Neural Network (SVAN) 2 ML, Jeng
S [2]2 Fuzzy inference system 2 BHAAIZ|D]
st SwW £ HICHIZCE. 8HXIgE f2l S 2%
fixed Gaussian Kerne! parameter 2 JIX[D] IR0,
completeness JI 20| TIXI &=CH OIH2 HAX
£9] It 2HMal A A g A2
o|pistlt. & =20lAM= Learning process &
=0l gradient descent algorithm £ 0{80tH
AZEBIA0| parameter S ZHE2M HA
A JLEE EY 4= UCH YUEt Structure I}
HHELH TS fuzzy model 2 F8 F&2| parameter
UES 24 MSY= S FFELCL
=2 =20Md TS fuzzy mode!l O DJigtst
XMiotel SVFIS £ 0IZ58IH pattern recogniton 2
SHoll =C}. Learning & test GIOIEHI2= 100 42
SHE 5 X ZeIIHM image file 2
COIL-100(Columbia Object Image Library
100)2 AIR5IR2H £ 128+128 2} RGB HEHQ
7200 & image £ FIAHTAM Us GIOIHE
AZ2oIRUCH
2 =22 2Z0AM 2AH H72 swel 22H0]
=) statistical learning theoryl} input space2|
2 S MHED E0AM SVFISAAEIN CHet
0 Sg35t0, 4Z0ME COIL imageE 0128 A™
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2.1 Statistical Learning Theory[3]

0| 220 M= Statistical Learning Theory Ol CH
off S & O XMist 482 08 MEES
E06H] HIZHCH3) .
1. Generalization Error

Z=H LR 2At8E XE & generalization
@XH= Steve Gunnl24] Off 2AsH A0 SACH
Generalization @Xi= (IS & JIX| dR2 A&E
Ct.

ob

@ 2ALE @ 2AME 2Xk= hypothesis

22 0lA target S2LE 2AIS &=

MO ZMdt= 2XH0ICEH

o=H 2% : FH A= hypothesis B2t

OR2H XHE X REt 2UE8 Jdeist

I} 2a5l= @X2M learning B &0

gtAisH= 2X10ICH

2. Empirical Risk Minimization principle

Statistical learning theory OAM. learning X
£ T= JrE EEHQ gYe FEI gt @It
o BAN A2 =HotE risk function 2 Aot
AMEols HHOICH]. dIE S0 &8 X xY OlAl
MER AZE 1 AZHIM L& training data
D, = {(Xi?yi)exxy}f‘:] 0l US .
Viy,, f(x, )t 22Dt f(x)2FH vy E =38 W
DicE 2XE EXok= loss o & O BZ
2XHE expected risk ct 210 F= LS 20

R(f) = [V FOP(x, p)d )y (2.1)
D210 F OiAl expected risk E XAl ol 842
foch HotH Hol= 3 2.

fo =arnginR[f] (2.2

OIIM Ol &% f, & Rl ideal =HI(E 6t
HE target &4t 82I|<sHC. 8HXICH expected
risk 2 Hosts &8 2X 84 P(x,y) E 227
20 ideal =HIIE F& £ AL, 22HAM 0id
gt S2MEE ==01)1 flotd Vapnicll2 empirical
risk minimization principle 2 HIQtstCh.

1
R [f1= ;zr/(y,-,f(x.-» (2.3)
mR,,[/,]=lmRIf1=RIf]  (2.4)

ﬁOI 24 (2.3)2 £236l= =t I 4
2.4)= empirical risk minimization principie Ol
OIEC= ZHE 20 =0

—
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3. Structure Risk Minimization Principle
Vapnic Chervoenkis(VC) dimension h & CiS 2
0l B9 s},

& 2.1 (3] - The capacity of a set of
Tunction with /logarithmic  bounded growth
function can be characterized by the
coefficient h. The coefficient h /s called
the VO dimension of a set of indicator
Tunctions. I/t characterizes the capacity of
a set of functions. Mhen the growth function
/s /inear the VC dimension is defined to be
mnfinite.
Vapnik Chervonenkis 2| £28t S&2 CIZ theorem
OId 20Xi= 21 &, Hypothesis Z2HAMOIIAL
empirical risk 2} expected risk AMOI2 unitform
deviation O] VC-dimension @2 HISHEICH= 2400},
Theorem 27 137 ; Let
ASVLfX) B, feF . with A and
B <o, F e a set of bounded functions
and h the VC-dimension of V in F. Then, with
probabi/ity at least 1-n , the following
/nequal ity holds simultaneously for all the
elements f of F -

ln——ln— hln——ln— (2.5)
R [f1-(B-4) SR[f]<R [f1+(B - Ay ——F—+

Y8 R[f]- Remp[f =™ QX2 B . Loss
function ¥V JF HoE 22t F = R E*_JI me
Of 28 80 =2 hypothesis 22t H = 128},
0] Hlistel Z2H0 28t cost 2 2AI8 2X42t 82
204,

hypothesis SUEE H, cH,cA CH,.([)E &
Slotd 2t2tel Z2t H,9| VC dimension € k2t &
H h<h <A <h,, Ol SEGI0 $41(2.5)0t %

Al (2.6)20] U0 ME £ T+
2 i
hAln—-In<
RS Ry, )+ (B- A —E 4 (2.6)
2 Structural risk minimization induction
principle 8 JI2H0Ql idea = Ct21 20| 0]01|
g £ UCH.

a

-

Yt IS8t structure 2 JHXlE =2 HEts
HIZ5t, guaranteed risk & J*s}o}‘: e
Il RIBHH structure 2 =X element S AO0IA
4] (2.6)8 OE AIPICSE FAS8H= 20IC}H
2.2 Partitioning of Input Space(4]
dataZ%H WA REZ SOOI st 282
2N partitioning 2 clustering g2HHel 0l

SN E]F U0 &0

Partitioning ¥ CIAl CO=2
ggoR L0 ZICt.

47K

(]
?3:‘_7‘

& 2.1 (DX input 22F 22 9+, (a) Grid
(c) Scatter
(d) GA algorithm based partition

partition, (b) Tree partition,

partition,

S UYMZ2 Clustering ¥oz (g WHeE=2
MI23g & = ACH
® fuzzy C-mean Clustering (8] : Fuzzy C-
mean clustering Z&IE nJHe] HiE

X, /=LA nE c M groups
G.,i=1LA ,c2 IL25t10, 2 group OiA
cost &8 43 ol= cluster TS
= 2>OICH

® Mountain Clustering [9] : Mountain
clustering 282 U =H Ji9t AHIA
cluster SAE ii=56t= blnE 2CstD
SMHO HHO|LCEH
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H 2.1 OlM HX #32 0l |8t O
gt input 22t P2 YHE0| A 8N Aol o
O QUCH. SHTUMXIS structure identificationOllAd
input 2+ P2 YYHSS IICHHIES gss ZEF
8t= parameter identification M= FECIHH
Ct. H=0l ojdst M2l LHES parameter 2t
structure ZHSIE SAI0 RSt AAEN CHotK
= =Jk=  olth. oKX AHM 2 HEHE
generalization theory £ J|BI2Z &t SVFIS 2

2 FA JIet RNMBIE Eo HX REQ N8 X
Mgl &8 £ US =OF OtLI2H Parameter UEZ F

1
30
0o

Mg &

3. Support Vector Fuzzy Inference System

0l 220Ms TS X 24512 JIBtez 8
SVFISS| REE HHGIL, SVFISY leaming HHE
Yt

TS Al QUM HX &9 FHEE 4 3.)
I 201 523 ECH[5)

RI: If X, is M,; and ... and X, is M,,, Then
fi=ag +ayx, +A +apx,,

R2: If x,, is M, and ... and x,, is M,p,, Then

-

fz =y Ty Xy A Fa,5x)

Ra:If x,, is M, and..and x,, is M,,, Then
fo=a,,+a,x, +A +a,,x,, (3.1
OIA n2 HAIES M=1, D= B2 IR0
H x = Y88 = FB4S, M2 HAI E8H0(2,
a = &8 DietHEE0ICH

SVFIS2| R0 CHotH 4ot & 4042 ABs=2
2 285N Y0, 28 3100 201 LIELE UCH

Group gy o

Grid Partition Course of dimensionality

Number of rule exponential
Tree Partition

increasing
Partition
Scatter Partition | Completeness not guaranteed
GA Algorithm
Long learning time
based Partition
Fuzzy C-mean Predetermined the number of
clustering clustering
Let perception grid points
Clustering | Mountain
as the candidate for
clustering

clustering center

Hybrid clustering | Depending on implementation

H 2.1 KA 7S &S 024K input 32 A2 &Y

fnpunt yotor  Bapeing woctar  Dut prefact s’} Win g  Dataht

| | |
v v

1 & - g8 3200 dHst S8 jEulsiH =
& 3202 HIEE AtArECH

2 AE - MAE Y3 x oF U™ 9E xo RE2EE
Ol support vector?} dot product®S H|AMSHC} HY &

]

MEBHE BHOITEL 2 =20AS IR AHY
£2 AMEOIACH
E . SVM YDRZORTE HIHE BAS BN
Ch O HEB0IA EX3 SHE HPSO2M HXI
o D42 HaIH ECH
HHNoE DAY M 2ue AUE of
5101 CIHXITIHOIL0] AMEIC)

1

w
=

00 = omy o

0822 IRAI 3HY HI2HES H2L T2l

- 377 -




20034 FEYElD|Clof2ts] EAHBUEESE

:SVM Y112|EE 012810 support vectorE &
Olf Ol support vectorES JIRAIQH A 81:0)
oz Hsih

: LSE = RLSERYE 0|26 £=A/3.1)0
Ml &8 &= 2] DIeHHIE aE ISSHCH

4CHHl . pradient descent L2ISE OI238IH 0210t
F25 SHEE HY LICIHEE D&RICH

SE - CHAl 224312 SO0DIHLE HES diei4==0
SYoI HELL

~ o

4. &g & Fu

2 =20l

recognition M8 JlsHd % Hs8

mr

0A Mt SVFISS| pattern
mretstol flste
1000HS} 3T EXME 558 ScAIIHA image tile
2 MASt COIL-100{Columbia Object Image Library
1000 N2 AEE 85 Recognitiond HEE
ntetoll 2RpACtH
S| RIGHH 2t SXHIDICH 5&% =
SOMH A2 F 7282 AN =0 ekl 36E2 A
T2 0I88HH learning data2 ARSI UK
X! 362 HIOIEIE test dataZ ALZOIALE.
Recognition2 &= HZE metsid| @20l

SW CtES 0IEst ZRI6l. SVFIS

HE¥E =

12|22 neuro-fuzzy classifier® 0|28 2 [7]2
Z AMEE ol =2UCH. SWE 0|28t gHH2 1:1
matching 2EE& Ol23IU2M  neuro  fuzzy

classifier? &2 M==E &A&}I] <l Scatter
partitioning 2SS O|Z3IRULCH

s BES2 229 A0 st
HEE2 LIEMH 240IH M8 Ee
2401 et MRS OI St AWOID FHM ==
I.’E b EEE ARKIE 0|88 &M 0ITH =01
AlE O [-150 +150]_J uniformly distributed
otALt.

i
=]

I\>_+jriJ
T
g© o

b

(A
L1 1

Lt I-tl

random noiseE Al

2 B2 ol
SWM 2.5%
SVFIS 3.4%
Neuro Fuzzy | 8.7%

bl

4.1 LO0IZDt Sl &0 THEt 2t

g2y B ol
SW 6.2%
SVFIS 5.6%
Neuro Fuzzy | 11%

H 4.2 : LO0I=Jt ZXck= Fatol CHet Z
f1o] BMUIA 20l= JXHE Neuro Fuzzy classifier®]
&S Scatter ANEE2Z oIl
completenessJt 2HEEIX| Y0t 2RI THE SO HI
gt 828 ¢ = UCL 22|11 S0|XJ} gl= &HL
=8t svMOll 28t %80l £ LIEtLE 25
0, R0I=0F =8E ZS SVFISE™Oo| o £ L

ErE B 2 ULk

partitioning2t &1 S

30 My

48

L4

2 =20lM= Support Vector Fuzzy Inference
SystemO|2h= hybrid AIAEIZ HICISIH OIE pattem
recognition®ff HESIH 2ULE Fuzzy Inference system
9| Structure identification} parameter identificationS
ot0l sVMJIEIE OISoIRCH 0IE AISES=EM

CompletenessE 2t A2 4= UQULL
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