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A new algor ithm of outlier mining in time ser ies data

ZH EN G B in-xiang, DU X iu-hua, X | Yu-geng
(Institute of A utomation, Shanghai Jiaotong U niversity, Shanghai 200030, China)

Abstract: The outlier mining method for tme series data is investigated DFT isused to transform the
tme series data from time domain to frequency domain The time series data can be mapped into the
multidimensional points in multidmensional gpace A distance based algorithm isproposed to mine the
outliers The time series data of the electrical load of a steel plant are used for smulation test The si-
mulation results show the effectivenessof the algorithm.
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