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A minimum distance measurement method for a
multivariate time series based on the feature matrix

LI Hailin, GUO Ren, WAN Xiaoji

( Department of Information Management, Huaqiao University, Quanzhou 362021, China)

Abstract ; Similarity measurement is one of the most important preliminary works in the process of multivariate data
mining. Its quality directly influences the performance and result of the later tasks of data mining. The data of every
multivariate time series in dataset can be analyzed by the principal component analysis. The feature matrices are ex-
tracted to construct the corresponding new orthogonal coordinate systems whose distance can be measured by cosine
value of the angles between two axes. Meanwhile, the Hungary algorithm is applied to the minimum distance com-
putation of the two coordinate systems. In this way, the minimum distance measurement method for the multivariate
time series based on the feature matrix is achieved. The results of experiment demonstrated that the proposed meth-
od has better quality of similarity measurement than the traditional ones and improves the effects of data mining for
the multivariate time series.

Keywords: multivariate time series; similarity measurement; feature matrix; minimum distance ; principal compo-
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