0ooo0ooo0ooooooDoo (MIRU2010)0 20100 70

Jodouobooboobodououoooood

Joodouoooon

oo oof oo oof oo oof oo oof

100000000000000000000 0015005 000000000000000 844
E-mail: 1{m11a013,m12a005,madokoro,ksato}@Qakita-pu.ac.jp

0000 0OOooOoooooOoOoOO0OO0OO0OO000O0U00U000OOUOOOOOOoOoOoOoooOooOoOooOObOODODOOOn
0000000000000 000000Scale-Invariant Feature Transform(SIFT) 00 0000000000000
0000 D000 One Class-Support Vector Machines(OC-SVMs) 00 OO SIFTOO OO OO O O O Self-Organizing
Maps(SOMs) DO OO0 SIFTOOOO0OOO0O0OO0O visualwords 0000000000000 000O0O0OODOOO
0000000 DOOAdaptive Resonance Theory-2(ART-2) DO O0OOOOOOO0OOOO0ART-200000000
Counter Propagation Networks(CPNs) 00 0000000000000 O00O0O0O0OOOO0ODOO Caltech-256 0
000o0oo00oooo0oooDooo0oooo0oooo00oo0oDoooooDoooooooooooDoooon
gobodooooobooooooobooobooooooooo b oo b b oo o uooooon
ooooooooooooooooon

00000 ART-20CPNsODO0O0O0O0OOOOSIFTOOC-SVMsOOOOOODOOOODOOOODOOOO

Unsupervised Learning for Selection of Feature Points and Category

Classification Using Robot Vision
Masahiro TSUKADAT, Yuya UTSUMI!, Hirokazu MADOKORO!, and Kazuhito SATO!

1 Graduate School of Systems Science and Technology, Akita Prefectural University 84-4 Aza Ebinokuchi
Tsuchiya, Yurihonjo City, 015-0051 Japan
E-mail: 1{m11a013,m12a005,madokoro,ksato}@Qakita-pu.ac.jp

Abstract This paper presents an unsupervised learning-based method for selection of feature points and object
category classification without previous setting of the number of categories. Our method consists of the follow-
ing procedures: 1) detecting feature points and description of features using a Scale-Invariant Feature Transform
(SIFT), 2) selecting target feature points using One Class-Support Vector Machines (OC-SVMs), 3) generating
visual words of all SIFT descriptors and histograms in each image of selected feature points using Self-Organiz-
ing Maps (SOMs), 4) forming labels using Adaptive Resonance Theory-2 (ART-2), and 5) creating and classifying
categories on a category map of Counter Propagation Networks (CPNs) for visualizing spatial relations between cat-
egories. Classification results of static images using Caltech-256 object category dataset and dynamic images using
time-series images obtained by a robot according to movements respectively portray that our method can visualize
spatial relations of categories while maintaining time-series characteristics. Moreover, we show the effectiveness of
our method for category classification of appearance changes of objects.
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Fig.4 Results of selected SIFT feature on two sample im-
ages in different category and three sample images
in same category of Caltech-256.
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Table 1 Recognition rates of learning and testing datasets
used in Caltech-256.

Learning | Testing
5 category 96% 76%
10 category 94% 44%
20 category 81% 50%
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Table 2 Recognition rates of learning and testing datasets
of time-series images.

Testing Datasets

RUN1 | RUN2 | Mean
Training | RUN1 | 98.1% | 96.2%
Datasets | RUN2 | 97.2% | 98.8% | 96.7%
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