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Overview of time senes data mining
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Abstract Based on analyzing many literatures about tine series data mining, this paper showed the development, academic
opinions and proposed about time series data mining recently. The contents contained data transformation, similarity match,

prediction, classification, clustering, segnentation and visualization of time series. The aim was to compare and classify these
literatures and put forward reference for scholars who research development, new techniques and trends of time series data
mining.
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