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Abstract This paper presents a method for automatic category classification using a network system that combine
additional learning function of ART-2(Adaptive Resonance Theory) networks, self-representation characteristic of
CPN(Counter Propagation Networks) ,and local feature descriptors by SIFT(Scale-Invariant Feature Transform).
In our method, we are possible unsupervised automatic category classification. Our proposed method consists of
three important elements: 1) automatic category labeling by ART networks; 2) visiblize spatial relations between
categories by CPN ;and 3)produce our original histograms basing on vector quantizing SIFT descriptors. Experi-
ment results that used Caltech-256 Object Category Dataset show that our method can successfully build categories
from an unsupervised analysis of images.
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Fig.1 Network architecture of the proposal method.
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