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K-Means Clustering Algorithm Based on Local Search Mechanism

SUN Yue-heng, LI Zhi-sheng, HE Pi-lian

(School of Computer Science and Technology, Tianjin University, Tianjin 300072)

Abstract The quality of K-Means clustering algorithm depends on the choice of cluster center. This paper introduces the idea of local search
mechanism into K-Means and presents a KMLS algorithm. This algorithm uses the local search mechanism to jump out one local critical point
obtained by K-Means, and uses K-Means to quickly find another local critical point. Experiments of text clustering in standard document sets show
that this algorithm achieves a better clustering result than the traditional K-Means algorithm does.
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