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ABSTRACT Automatic image categorization is a proress of categorizing images into defined categories
by using automatic image categorizers. There are many methods for the automalic categorization of
images, among which the K-Nearest Neighbor algorithm is a case-based leaming method and is a
comparatively ideal automatic categorizer. On the basis of the K-Nearest Neighbor algorithm, the authors

proposes a model for the antomatic categorization of images, including the preprocessing, characteristic

presentation, machine learning and categorization of images. 1 tab. 1 fig. 13 refs.
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