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Abstract This paper presents a method for selection of SIFT(Scale-Invariant Feature Transform) feature points
using OC-SVM (One Class-Support Vector Machines). We proposed the method for automatic category classifica-
tion using a network system that combine incremented learning function of ART-2(Adaptive Resonance Theory-2)
networks and self-presentation characteristic of CPN (Counter Propagation Networks). In our former methord, the
feature points of nontarget region make misclassification. In our method, OC-SVM selects feature points of target
region. Experiment results that used Caltedh-256 object category dataset and the time-series image dataset caught
from a mobile robot show that classification accuracy of our method is better than that of the former method.
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Fig.1 Network architecture of the proposal method.
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Table 1 Rate of classification.

Data 5category | 10category | 20category
Our former | Learning 84 0 70 0 64 0
method Test 76 O 300 380
Our Learning 96 O 94 0 810
method Test 76 O 44 0 50 O
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Fig.4 Labeling results of ART-2 at 5 categories.
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(b) Our method
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Fig.5 Category map of CPN at 5 categories.
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Fig.6 Experimental Enviroment.
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Fig.8 Labeling results of ART-2.
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