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Maximum center interval and scaling type of

n-maximum entropy clustering
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(@. School of Internet of Thing b. School of Digital Media Jiangnan University Wuxi Jiangsu 214122 China)

Abstract: In order to control the difference between data the general way is to scale the data proportionally and such prac—
tices itself do not have any damage to the information of data. However most algorithms are very sensitive to the scaling data
in the cluster analysis and one of the typical algorithms is MEC algorithm. A lot of experiments show that MEC algorithm has
failed when the zoom level locating below 10 ~* orders of magnitude and the cluster centers obtained by the algorithm are likely
to have consistency clustering. To solve the above problems this paper introduced the largest center of interval and the scaling
factor i to restructure a new objective function which called the maximum center interval maximum entropy clustering ( 7—
MCS-MEC) algorithm. This algorithm achieved the maximum by adjusting the distance between the center points and controled
the division of each cluster by using the scaling factor 7 effectively and which avoided the agreement of the clustering centers.

Numerical experiments conducting on the UCI standard data sets and artificial data sets show that the proposed algorithm is not
sensitive to the changing data and has better robustness.
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