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Time Series Similar Pattern Matching Based on
Singularity Event Features

QU Wen-long'?, YANG Bing-ru?, HE Yi-chao®
(1. Department of Computer Science, Shijiazhuang University of Economics, Shijiazhuang 050031;
2. Information Engineering College, University of Science and Technology Beijing, Beijing 100083)

Abstract The state-of-art features extraction methods from time series are single-scale methods that result in the location of features imprecision
and suppress the quality of discovered pattern. A novelty multi-scale features extraction methods from time series is proposed based on the principle
of wavelet singularity detection. The time series are compressed into event sequence using singularity features and a dynamic time warping
similarity measure of event sequenced is defined. The proposed algorithm is used to similarity pattern matching for event sequence. The
experimental result shows that it has higher matching precision and lower computing cost.
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(11)  FIND k-th minimum  DistR in DistSet

(12)  ADD R to Resul Set

(13) return ResultSet
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