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Construction of clustering validity evaluation function based on noise suppression
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(High-tech Industrial Development Research Center, Harbin University of Science & Technology, Harbin 150040, China)

Abstract: As traditional clustering validity evaluation function did not take advantage of the structure information of the data
set, and deleted excessive noise, this paper designed a new clustering validity evaluation function. The function was composed
by the tightness measure and separability measure, and distance function was added to the tightness measure to represent the geo-
metric structure of the data set, to avoid being not comprehensive if evaluated by a single theory. In separability measure, it set
the distance threshold L and being mutual restraint on original membership threshold 7' to reduce the amount of noise deleted, to
avoid inaccuracies that was caused by loss of data information on the evaluation results. Finally, the new building of the evalua-
tion function compared with the original function of experimental results show that the proposed method has better applicability.
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