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Abstract This study is purported for suggesting a new clustering algorithm that enables
incremental categorization of numerous documents. The suggested algorithm adopts the natures of the
spherical k-means algorithm, which clusters a mass amount of high-dimensional documents, and the
fuzzy ART(adaptive resonance theory) neural network, which performs clustering incrementally. In
short, the suggested algorithm is a combination of the spherical k-means vector space model and
concept vector and fuzzy ART vigilance parameter. The new algorithm not only supports incremental
clustering and automatically sets the appropriate number of clusters, but also solves the current
problems of overfitting caused by outlier and noise. Additionally, concerning the objective function
value, which measures the cluster’s coherence that is used to evaluate the quality of produced clusters,
tests on the CLASSIC3 data set showed that the newly suggested algorithm works better than the
spherical k-means by 8.04% in average.
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