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Abstract

This paper proposes content-based image retrieval system with fuzzy ART neural network algorithm.
Retrieving large database of image data, the clustering is essential for fast retrieval. However, it is difficult to
cluster huge image data pertinently. Because current retrieval methods using similarities have several problems like
low accuracy of retrieving and long retrieval time, a solution is necessary to complement these problems. This paper
presents a content-based image retrieval system with neural network in order to reinforce abovementioned problems.
The retrieval system using fuzzy ART algorithin normalizes color and texture as feature values of input data
between 0 and 1, and then it runs after clustering the input data. The implemental result with 300 image data
shows retrieval accuracy of approximately 87%.
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