BRUEZSMRRS

IPSJ SIG Technical Report

PRUE LY IR 2D

BE : AR, 27 7 AT A MEGHEN A2 ERT 57200 FEIZBEL T, TOEMEEER
LT\W5. 1 bit A0 FTIEHRED D 5 ECOC 2 H\WT 2 7 7 AifAld 2 E AL L 722 7 5 Az
FNUT, GNZMNMEEOFEZIGSHAUZBHNEO O N NEB Y, 2 75 2R3 % LS-SVM TR L 7=
BECENREBAN G EPREINT WS, LS-SVM B2 #E AL L - W4 & L1-SVM B2 #51LL
TEEFRARR L IZ I NS OAEEEHA LT, REFIEOMREZ G L 7.

F—7— R v MEGHEN, LS-SVM, L1-SVM, #&, #bElEdLa—F

Classification Methods for Robust Image Matcher
using Multiple LS-SVMs

Yuma Nosel®  Hazimu KAwAaKAMIZ:P)

Abstract: This paper discusses feasibility of the method for a robust image classification by a multi-class
classifier. For a multi-class classifier constructed with multiple 2-class classifiers using ECOC capable of
correcting 1 bit error, a robust method for learning decision boundaries based on robust estimation and a
classification method for the multi-class classifier constructed with multiple LS-SVMs are proposed. We eval-
uate capability of these methods by applying them to an image classifier constructed with multiple LS-SVMs
and one done with multiple L1-SVMs.
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Fig. 2 Error variable e; in LS-SVM.
TFA
21EE 00 01 10 11
SVMao -1 -1 1 1
SVM1 -1 1 -1 1

3 475 Aa—FT 147 GAYFTIEERERL)

Fig. 3 4 class coding(without error correction).
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Fig. 4 The unifying coding for 4 classes.
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Fig. 5 Distribution of training data for SVM.
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Fig. 6 Distribution of training data for LS-SVM.
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with the robust learning(C=>500).

92

M=0
» —’\K/\
88

50 100
EHEE?
B 12 LS-SVM D#sl®k (m/xA MEERMEL) (C=500)
Fig. 12 Classification ratio of LS-SVM
without the robust learning(C=>500).

ADEA X7 NVEETHAR L (Vu) Z2REL T3
SR EMKT 5. D% E Af{L PCA Hi4o % 2
I3,

(2) BT MLVOBER JIT—XeF AT =22k
2 B ER R DB % AR 72 R L& Ef{E PCA
A EFIZERUTENTNOREARZ ML T 5.

4.2 EEBRER

£9, BNZAMEERETFo2BIL, X () TM =
0,0.5,1L.0ZHELD XA T, TANTF—RIZBEBAZIEEH

ILOEFHRE 2 2 0525 100 L THIMEE2H S, LS-SVM

FECHGHN KR E 7> 72, X (3) DHMBEET C =500

U7 DBAER %, BHREE » 280, FR50E o 2t

B U2 PHEEDZ 712 UTHE 11 15R9. RiZ, an

A MEEBOMPEFARL 12, ZNEHAWRNEE %

BHALUCRMOERZT 7. TOMEEZE 1212577,

X 512 L1-SVM FETHERK U 72385185 T £ RO ERR % 175

72 EONEEZE 13 £ 14 ITRT.

4.3 EE

LS-SVM T, X 11 ¥[¥ 12 &5 NA MeZEEIC

L OHBAHERBHEINTNB D bhE. 51, M %



BHRULEFMRERE
IPSJ SIG Technical Report

927

50 100
EBEE?
13 LI1-SVM Ol (m 2 MeZEEAH) (C=500)
Fig. 13 Classification ratio of L1-SVM
with the robust learning(C=500).
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Fig. 18 Output of L1-SVMj fot the training data
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