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Abstract

In general, Support Vector Machine has a good performance in binary classification, but it has the limitation on
multi-pattern classification. So, we proposed an Import Vector Voting model for two or more labels classification. This
model applied kernel bagging strategy to Import Vector Machine by Zhu. The proposed model used a voting strategy
which averaged optimal kernel function from many kernel functions. In experiments, not only binary but multi-pattern

classification problems, our proposed Import Vector Voting model showed good performance for given machine learning
data.
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Fig. 1. Basic Architecture of Support Vector Machine
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Table 1. Kernel bagging function

#Ad ID e ol¥
kil Running-mean smoothers
k2 Running medians and enhancements
k3 Equivalent kernels
k4 Regression splines
k5 Cubic smoothing splines
k6 Locally-weighted running smoothers

% 19 6712 Ad3I4E bagging AEFOZ AL &
W Zhue] IVMel Hl3) 66| st AlZbe a7ahe 471
wrAget ol g EAE A A3 & =R B
Ee AR ATFE Fio] AA < HolHE BF A
B2 ¥z FEE BEGE o83tk E 19 6719 ALY

FE2 1l 9% 7 #4& H L8

o

657



HX| o X SAILAH S

==Xl 2003, Vol. 13, No. 6

4. A3

na

a3

B =R Al VYV 2y 7|E B daugdE
E3}e A H/E H4F dF dde ¥ ez
German®] Glass Identification @lo|€1¢} Fishers] Iris o]
B & o] &3ty 28 “Data Archive of Journal of Sta-
tistical Education”®] Fish Species Hl°JE|E 01%3}04
Kernel Bagging®ll ©] &5 Addds9] sgo wiE

&9 Ans vty

AHS $85l7] Y3} Class Identification®} Iris Eﬂol B
= UCI, Machine Learning Repository[16]258 T38}% 3L
Fish Species Ul°olEl= SAS(Strategic . Application
Software)] dlo]E] dAldl e A& o|&stATHIT7IL

4.1 Glass Identification HIOIEi—E- olgst M5 "It
Glass Identification WlolElE % 214719 ALHA
Aol itk " wge S48 “‘“"9} FEE VERiE 8
Ao MeE(UES, vladld, &FrlwE, HEE 4F, 24,
g, 2)EX F 9/lle) "R FAH Stl"‘ll Z E8
£ Y= 17H 2F H4E glass? FHE Uelis ¥4
24 6719 #olES zterh E 2% Glass identification H

ojgfo] that g HRE ERTH

fr
-4

E 2. Glass Identification Wi°]E] 2.F
Table 2. Summery of Glass Identification data

@49 | Min | Max | Men | SD.
248 151 153 1.52 0.003
YEE 10.73 17.38 13.41 0.817

sadg |0 449 | 268 | laa2

sy [ 020 | 35 L4 | 0499
Aele | 6981 | 754l | T265 | 0775

Einzy 0 6.21 0.50 0.652
Eincy 5.43 16.19 3.96 1.423
Ll 0 3.15 0.18 0.492

3 0 051 006 | 0007

EEA Aoksls duelFo A%g v Uik
%’43}04 714 3 dudlEe dEAHYU &5 E ¥R

= 91 ArAA LH—(decision tree) 283} jF A F
2 w39l ax)A€ #w(logistic discriminant) 28-S
3}91‘3}.

E 38 A dngdEe T 4719 BEF ZF o
Glass identification Hlo ]FJ of gt % ’él?;l S 3 42
Folt}, Q714 A% H7lY Fo2e BEREZA /M ®
o] AbEE I Qe QEF-S&(misclassification ratio)S AHE-
ardcH10]

i 3-4 ATRZHE B EFolA Aouste wyldd 9
ozl B8 Ao g eEFE] M IS ¢ T
o1& %5“ Atets dngFol SAH EF 28 v
299 Als sok)kl_ Holx &8 ¢ & 2= ok

i

3
At
& o

658

E 3. Glass Hlolg A% H71 47
Table 3. Performance evaluation of Glass Data
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Table 5. Misclassification rate of Fish Species data as
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