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Abstract

Abstract: In process of clustering with traditional K-means algorithm, it is difficult to identify the value of
the number of clusters K and its clustering results are influenced by initial centers. It has the weakness of
sensitivity to noise and instability. Meanwhile, to solve the problems for the high dimensions, sparse
spatial and latent semantic structure of the text data, an algorithm for Chinese text clustering was
proposed. This new algorithm uses the physical significance of Singular Value Decomposition (SVD) to
firstly classify the data rough, and then uses K-means for text clustering. /t applies SVD to decompose
and keep semantic features, remove noise, make smoothing process of text data, meanwhile, it takes the
advantage of physical significance of SVD to have rough set classification, and then regard classification
results as initial centers of K-means. Experiment results demonstrate that the F-Measure of cluster quality
has been improved compared with other K-means algorithms.
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