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AREEE A 5 2 o8 FAISHE slebrfE] o oJste] I F9-drt tie] 71EATES] o]fdt sRHES
tlo]E & Fate] B FAste] ARSIl o= 719 B4 E BE dES Astae T a9les
AT}, olol, 2 oAl 7dskre] B2}]ElE Type 2 Fuzy Number (I2EN)O2 B3} 0]2 ALgahs )48
SVM ZH A& AASITE AAE Z |l el v E svme] B3 3 e S olFa) FAlol, tlofe o] dhi= v #A]5)
YaelES Fote] BEEE Ao ARAS Eole S ATt o)E S gt FARERA, 7R-ARE A
el o] vl E svmE defekar, 7 dre) gelulElE T2RNe R F45ke] AA4e o|E| S 2R3l H o2 7|E
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v 79 7|9k SVME A Als Rt 7] ofgiet,
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Abstract

In order to classify non-linearly aligned data, this paper considers an effective nonlinear support vector machine (SVM), The
performances of a nonlinear SVM depends upon the used kemel functions and their parameters, Most of the existing research
studlies have estimated these parameters using point based estimations, these tendencies are considered as main obstacles decreasing
the embedding uncertainties and the machin€ s extension-ability, Tn order to overcome these limitations, this research uses Type
2 Fuzzy Number (T2FN) and T2FN embedding nonlinear SVM framework, The proposed SVM framework incorporates more
extended uncertainties as well as helps the robust data analyses using the suggested defuzzification algorithm, In order to show the
effectiveness of the framework, numerical examples with Gaussian kemel function based nonlinear SVM are considered, Parameters
in the used kemel function are estimated using T2FN and the dlassifications using the provided algorithm are analyzed, The provided
framework and estimation methods contribute to the design of nonlinear SVM possessing more expandable uncertainties and
analyzing abilities using T2FN,
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H]A8 B-5-E 9|38k Support Vector Machine(SVM)ol|4] A $H=(Kernel Function) 2] A8
A2l HlolelE Brt e AHes] 4 Fho2 W A7 A3 solx Hrow T A
sit}, ojuf 2 AREHE A T2 v 79 (Polynomial Kemel), A|1EO|= 7d
(Sigmoid Kernel), 7F¢-A|2F 719 (Gaussian Kernel)s-o] It} 2 719 52 W3S 9J3k
3 2h] 8 (Parameter)& 7HAH, o] A2 4 HloJH Bl £7 A 9] A4 57 of gkl
24J8] olo} s shols) shehul el (Hyper Parameten)olch,

£ Aqdxe ol2fgk A e sfeiE Fel 24E gL, 7€ ATEdMe
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FEE Folt ZY U YS AAET

£ 9Jal] vha Fellxl= v 3 SVM B T2FN, IT2FLs o] th g
71E #HH AT 2 o|EES AFEL 3 dxE B dTelA
AlRFsl= T2ENE 7421 1) 7Re-AIRE A 714k svMe] A7
Zades Ve, 4olME FAAES Skl Aljkd
Ze Ao 7S HoErt, ofuf, £ dAtellx] AlAIgE T2EN
7Iqke] 7heAIRE AL FE ARES SVMF 7]EATHOIAN
HAFd @ 349 ghejnE & 7hl svMte] Bl E -5

Jung(1}2 g v AlARlE K, 25, HEo) SETs
ti-8-ste] sfEtrlel S 46 gint. B3 Kim, Choe and Kim[2k&
52 Agto] EAsh= d3ollA 7hzulte] Fofrids dlSshe
A, wi sletule o] ESHAAdS s dsh] sl SEA
AiEs AEsteict. o9} tlEe] Han and Ko3le] AW o|F
25 X F4 FACA ZE 719 o] At FE WY F shul
g Znt JHE AMgohs W A3l 7S ARSeto] 914
4 A5 vlwskeitt. Kwonldle: 83 72 UIEYARNN)
o] FRAA oA mliE Alkte] HQ gl Ak FE|E AMESHA
W TEHEE 34 e /WIS Bt F4¢ &3
Hslof| wle} sletnle o] ¢Jujo]EE 918l Choo and LeelSk= EM
dare|E vel Fel2E 71 5 shl sk A darelEs
ol-g-ste] tholtu]gh vletn|e] ulo|E ol eS AlRtetgict.
R Aol 7]uket Bt S v Aok #ste] Scholkopf,
et al, [0 WA} 714 $<4=(Radial Basis Function), 7}-AJeF 74
Sk, A X E W S AN 29 AT o F duE T eAE
Zt= stolBe|= Al2E] 5 Al 7HA] Bl Y] A FE ARSSlaL
H]wa}9irt, Thekst &8¢l 2A] Son, Park and Joo [7F= 78] k4]
g 2P ofelA] ®HA] 0aHE 73] 913 SVME A8k,
28519101, Park, Hwang and Bae [SF= 75 2] ol|A] whALE=
25.0] A 95l 7R-ARE A e 7 SVMS: ARSI
53H Amari and Wu [OR= SVM| AR5 7 3] A 3ds
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Fig. 2. Mapping of two dimensional space data into three
dimensional space using kernel function
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Table 1. Types of Kernel Function

Linear Kernel kry)=(z vy)
Polynomial Kernel k(z,y)=(z- y+e)?
Sigmoid Kernel E(z,y) =tanh(0,z. y+6,)"
Gaussian Kernel E(z,y) = exp(— ”ITE/HZ)
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Function, UMF) x¢} 3}¢] W4 3k=(Lower Membership
Function, LMF) Xof| oJ&f] E&%H, o= &3l 12} WA 3k
(Primary Membership Function)] £3-2141-8- A3s}3ict &
g 7 Ak 92 BNl TEE FReR
Footprint of Uncertainty(FOU)Z A o]gtc} Q1= gk 213} 50|
i3t 221 WA skr(Interval Type 2 Membership Function
Secondary Grade)= 2zt 48 Ztol 7FAl= UMF$} LMF 18] 1
Membership Degree?] #4o] 191 99 (I1¥ 3, $-2) 0 & ¥3st
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Fig. 5. Framework of gaussian kernel based nonlinear SVM with
Interval Type 2 Fuzzy Logic System
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Table 2, T2FN rules for estimation

Rules for estimation

UMF, LMF of Input value Centroid Interval

~ ~ ’ = ’ 1 —1
R': IFz,is X, andx, is X,,, THEN yis ¥ Xy, (@), X (o)) =y
=[0.2,0.45] = [0 9,1]

~ ~ 5 —2

R®: IFz,is X, andx, is X,,, THEN yis ¥ X, ('), p X ey =My
=[0.55,0.8] = [0 5,0. 8]

~ ~ ’ = ’ 37 3 73

R*: IFx,is Xy, anda, is X, THEN yis V* X, &'y): Xy (2] V=g y’]
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RY: [Fx,is Xy, anda, is X,y THEN yis Y [i‘f—gzé(ff)’ 1oy (') v g[yl | v

2ol Adrd it
Tt sk W BAIE 71 1 ElofElEe] 13 6

7} 7o) 22H¢ WiE g7kl AL 7PgstaL, 7RpAIR A&
AH8-3to] SVMS A AR

719
g o5 T%—o‘}@ a9 6«1 HlolE & 7 0}71 HUP SVME
A7, o= (0.7, 0.9)el)] Wlua 57 077} 22 244 A
shol ke SQIE ¢ gl o] A7 o] AevEE 24T
S Fotol A S Zhs Aol ik, 2 Al

S Agsto] o5 B}, oS WAk 7R-AIE HIAE
A 7iE SWME FAgste] EARITE 5, ZheARE AEe
stelel 2 AREhs £4F 0ol Interval Type 2 1415 2 gato] o
= wshal 23 UAshaL ofs AIRle s 49
A =g FRES FT} & Ael= 2 O0)3 2ol 7hpAlE A
o] sf2tlE ool Interval Type 2 #1415 283101 SVME 37|
gt

(R
JE

(- Iz y\|2)

k(z,y) = exp =
20

©)

0% FHH Interval Type 2 B12] W4 19 79} o] W]

T2 A2 H =3} 51 Interval Type 2 HA) AgHS 73k}
ojuf) ##] Bltj4] 52 Hlo[E S B35lo] & H)
na(x) 1a(x)

27, Interval Type 2 THX| ZEte| Mo S0t
e g ok 9] o) 24, i) e
Fig. 7. Membership function of IT2FS and UMF, LM

Ty and T,

Type 2 Fuzzy NumberE 717!

ST | 1P:202.31.206.%

HAehe o= Qg @ = (2, 2,) = (0.7, 0.9)0)] UMFe}
IMFE 747 ek, T4 WA ghrelr] 9 dlolel2 53
UMFe} IMFZ} AR S, B 20} 22 7218 7liko 2 22 948
Azttt
B 20 22 Ee dolg 2 B9 A 5o Ealo
S}, ojgh o] FHo] =W AR)e] HA 9
%%H i) =18 TFaet ol 2 el we
(@) =[] 1 73k 53 Alab 24 & Bofet,

r?a
K9
o
o

LT
[u (@) ux (

! m’?)’“}ll (37’1)*#}21(37’2)]
=02 0, 0.45x0.2] =

[0,0.09]
- gty =10.9.1]
R[] - B
(' )* NXQZ( o) Xy (@) )* p Xy (5]
=10.2x0.8,0.45x 1] = [0.016,0.45]

- [y Y ]= [0.5,0.8]

R (51
= [HXIQ (fl )*Hi(m (I,g)vﬂ}m (I,l )*N}zl (33,2 )]
=10.55%0,0.8x0.2] =[0,0.16]
- g%y’ 1=10.5,08]

R[] B B
= [NXIQ (x’1)*MX22 (@y)s n X1y () * n Xy (2]
=[0.55x0.8,0.8 X 1] = [0.44,0.8]
-ty =109.1]
T2 7juke] 22RAS Ba) v () = (117 19 34
v =y y e KM YElES 5o vt v, ke 3 a
HAE AA L, HFHO R 0|59 Hg Tio A £ Fhe

A =t

7tAIRH 744 7|EH HIMY SWM Zj|U & 15 | 377

s

* | Accessed 2020/04/09 17:34(KST)



Journal of Korean Institute of Intelligent Systems, Vol. 27, No. 5, October 2017

olgfe KM 2are|5S $all & 74 A3 vlEo] Bets 53
o
=

=
L.
HAF U PS G L HAE

-1 -2 -3
fu e+ 8+ 1y
F+r+7+ 1
_ 0.09X 0.9+ 0.45 X 0.5+ 0.16 X 0.5+ 0.44 x 0.9
0.09+0.45+0.16+ 0.44

Y =

=0.6859

L+ + 5+ 1
prerr+r
_ 0X1+0.45%0.8+0.16 0.8+ 0.8 X1
0+0.45+0.16+0.8

Yr =

=0.9667
where, L=3, R=13

+ . .
_u er: 06859;0 9667 _ 1 563

Th ellA = o] ZA| A E svM L ES 53 AA| dlelH &
ERohs gl B B4 23k HolFr, o] & T3 Akt

ZA g S AT

_m

475U A

1%

2t

HI

1
—

£ Aol ARjkeke T2FNE 7H 7H¢-A1%E v S A
714k SVME 71H9-A19F A ghetn|e] o] E-3Hd S A 2] it
oftfz}, o] & FHAA 7|E G F4E Fal Ao HAUW ¢
AF g R AAL Adr), o] £x|do g =957
flated, vy dlolel o] &7 Al #8ste] #Ag} £
AAE g 4 vlolE o] i 7 250 (F 7He] Sl +))
2 250070 ofm, A Aellx] 7]sgt wpe} 2Fo] 17 63} 2o 2
2 e F 7t E5H dr

B A7 sk HolHES ¥ SVME ARS-sto]
ERehE A =2 1% oF % 2% oFE /Kt ol
8H€%}7l fJste] vAdE 7|Nke] SVMo] A g-Elojof gt &
ATl E oI5 S8l 7Re-AIE A 7|Rke] SVME gt
o FAE A 7 7Re-ARE AG S Fa AAIRE SVMO R

e A 1 89 2

9 8 (a)~() oxe} o] zHt 0=0.1, 0=0.2, 6=0.3
,0=04,0=0.50=0.60=0.7,0=0.8 0c=0.85 0=0.9
2 & 48 sVME A8 75, A EE e 9] Ji7L 450
7N, 32078, 2207} 5 ogko] A& 739 "lo|H o] 7i57} F S007H
1 Aol vja), et 3 Hgo] dojube A F1E = 9ot

378 | 2zl - ofsks

web], 5
SfeiIE O A5 A5 940 B2
A7 el Baslet, o) S8 & oa
AeE TN A G SR A A swv[—g— 5 ol2

(e) SVM with 0 = 0.5

S2TUUE W | 1P:202.31.206.%** | Accessed 2020/04/09 17:34(KST)



http://dx.doi.org/10.5391/JKIIS.2017.27.5.373

¥
®

% %%

I @t

F) +0
¥
= ey

() SVM with o = 0.9
JZI8 7IRAIRE 7 7|H SWIE MBS BR
Fig. 8. Classification using Gaussian Kernel based SVM
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Fig. 9. Classification using Gaussian Kernel based SVM with T2FN
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Table 3. Experimental environment, condition and results

Experimental Environment
CPU inter core i5-6200U
Memory DDR3L 8G
oS windows 10 64bit
Graphic Intel(R) HD Graphics 520
Experimental Condition
i
o
Estimation | Parameter Classification Classification Nklmber
Type Value Error Speed(sec) of Support
Rate(%) Vector
c=0.1 0.0% 12.2 450
c=0.2 0.0% 10.3 329
oc=0.3 0.0% 8.3 220
c=04 0.0% 6.9 123
Single o=0.5 0.0% 5.4 92
Estimation c=0.6 0.6% 4.9 76
oc=0.7 1.4% 4.6 05
c=0.8 1.6% 4.6 64
c=10.85 1.8% 4.5 61
c=10.9 1.8% 4.3 60
Es[Tu izlt\im 0=0.8263 1.8% 45 62

Type 2 Fuzzy NumberE 7121 712A [0t 74 7|t HIAMS Sym |l 2 7161 | 379

S2TUUE W | 1P:202.31.206.%** | Accessed 2020/04/09 17:34(KST)



Journal of Korean Institute of Intelligent Systems, Vol. 27, No. 5, October 2017

- Classification Speed
«®- Number of Support Vector(unit : *10)
+@- Classification Error Rate

<# of Support Vector, Classification Speed, Error Rate>

----------- ... *"-.......
......... L OIS

e T POl I
i e
ol Gressnnnsnnans Qrressssssanss Qrsrsnnnnnnnn L iy E SLLLLTIrTIrrT b S i i
L == 04 06

<Parameter Value>
1210, ToFNO| S JHPAIR! A 718 SMS AISEH 28 A3 2t

Fig. 10. Classification Result using Gaussian Kernel based SVM with T2FN
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