FEEEAN WML R 2008—CVIM—165 (32)
IPSJ SIG Technical Report 2008,711,728

HENFZHICEDEISHE

W B 1, B GLE 1

bR, 1 A n R
E-mail:takayosi@ari.ncl.omron.co.jp, hf@cs.chubu.ac.jp

H5FEL WEBHRCBVT, BEEIEGROTHLECNR EOREOHEERBT HOICEHERE
RDO1-OTHD. FEREBEIFEFELEERBRIS Y, Fl2FEFEOREIH, FEFEZAEMNC
ERT OB RBFEENRES N TVD. 20 L5 REBFEOENICAEDEHEEOELIC LY, Wik
MO M EL TR Y, Bl EOREMRERNERLIN TS, AT, FEFEOELD
R R EEZ 3 SOMRITHEL, HWROBYEIZIOV T, BAFRPEHFER L OFRERRS.
7o, BEROBHMBREHNC, HEEICLIMREZERL, COX ) RFEENEL TV D0 % HIER L
TRERERNT 5.

Efficient Features for Object Recognition

Takayoshi Yamashitaf, 11 Hironobu Fujiyoshit

$Chubu University, {TOMRON Corporation
E-mail:takayosi@ari.ncl.omron.co.jp, hf@cs.chubu.ac.jp

Abstract Feature extraction is one of the most important components for detecting objects such as
face and human. It has a strong relationship with learning algorithms such as Boosting, NN and SVM.
State-of-art learning methods have been proposed, and new feature extraction methods have also been
proposed to improve the performance of object detection. In this paper, we describe the characteristics
of these feature extraction methods, which are classified into three generations by the aspect of learning
method’s evolution. We present the results of a performance comparison using the feature extraction
methods.
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