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Abstract The traditional K-means algorithm considered as a simple method has been widely discussed and applied in
pattern recognition and machine learning. However, K-means algorithm can not guarantee unique clustering result be-
cause initial cluster centers are chosen randomly, moreover, choosing initial cluster centers is extremely important as it
has a direct impact on the formation of final clusters. In this paper,concepts of coupling and division are defined by u-
sing low approximation and upper approximation of object neighborhood,and importance of objects in the procedure of
choosing cluster centers is also given,initial cluster centers choice algorithm for K-means based on neighborhood model
is proposed. Compared with choosing initial cluster centers randomly and CCIA algorithms, cluster accuracy affected by
three kinds of norm in neighborhood model is analyzed. The experimental results show that the algorithm is effective,
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