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An Initial Center Algorithm of K-means Based on
Density and Minimum Distance
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(College of Computer,Nanjing University of Posts and Telecommunication,
Nanjing 210003 , China)

Abstract: In order to overcome a large fluctuation caused by the traditional K —means algorithm clustering with assignment of the random
initial cluster centers,an algorithm taken the density and minimum distance as the parameters to determine the initial cluster centers is pro-
posed , which calculates the density parameter of the data object according to certain rules and minimum distance between each data object
and other data objects after having calculated single point density of each data in the data set. The larger one among the densities and min-
imum distances has been chosen as initial cluster center in the process of K —means clustering. Experimental results show that it has higher
accuracy and faster convergence rate compared with ones using randomly selected cluster centers and using density as a parameter for K —
means clustering on standard UCI data set.
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