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Data mining based on fluctuation feature in time series
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(School of Hectronics and Information Engineering, Xi’'an Jiaotong University, Xi'an 710049, China.
Correspondent : WU Hong-jiang, Email : hongjiangwu @163. com)

Abgtract : Smilarity search is the foundation of data mining in time series, while constructing a robust dynamic time
warping distance is the first step. Considering the importance of feature points of time series, a feature extraction
method based on fluctuation is proposed, and a binary feature tree building algorithm is given. The method extracts
the whole changing trend and meanwhile effectively reduces data dimensons. Clustering experiments on several
datasets show that the new method is much faster and more accurate than other methods.
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