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Time series similarity matching based on weighted IMF

SUN Ru-ru, XIAO Di
(College of Automation & Electrical Engineering, Nanjing University of Technology, Nanjing 211800, China)

Abstract; Empirical mode decomposition (EMD) algorithm is very suitable for non-stable decomposition of the sequence of
signals, nonlinear sequence signal, and complex signals with high noise ratio. Sequence signal after EMD decomposition the
costs intrinsic mode functions (IMF) and the residual series decomposition IMF contains the local features of the different time
scales of the original sequence signal is the original sequence to the complex reflects. Aiming at the IMF contained different
scales characteristic of this feature, this paper gave EMD decomposition of the original sequence signal, extract all of its limit-
ed number of intrinsic mode functions and residual series, the amount of information contained in the original sequence charac-
teristics depending on the IMF the size of the introduction of the right to information, and then used the Euclidean distance to
match the different IMF sequences for each sequence similarity, at last it comprehensively judged the time series similarity
matching of each IMF's weight. The experimental results show that, time series similarity matching and directly matching to
the original time series based on IMF, the former method firstly decomposed the time series to remove the noise and other inter-
ference, extracted IMF weighted matching indirectly improve the time series pattern matching accuracy, to prove the effective-

ness of this method.
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