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An Improved K-Means Algorithm with Auto-Determined
Clustering Number by Using Gravity
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2. College of Computer Science and Engineering, Northwest Normal University, Lanzhou 730070, China)

Abstract: An improved K-means algorithm to auto-determine the clustering number by using
gravity is proposed to solve the problems that one needs to specify the number of clusters in the
traditional K-means algorithm and it is easy to fall into local optimum. The orthogonal design
method is used to uniformly place several detectors into the data space, and then these detectors
are moved according to the law of universal gravitation. When two detectors’s distance less than
the given threshold, they are merged. The number of detectors is just the number of the clusters
when the algorithm converges. Then the resulting detectors are used as the initial center points to
avoid the local optimum. Experimental results and comparisons with the traditional K-means
algorithm show that the proposed method can automatically determine the number of clusters and
gives the better initial centers, and that the iteration number of the algorithm is reduced by at
least 25% and clustering accuracy is increased by an average of 14% and the performance
evaluation DB(Davies and Bouldin) index is reduced by an average of 0. 19.
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