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Time Series Segmentation Based on Series Importance Point

ZHOU Da-zhuo*?, LI Min-giang*
(1. School of Management, Tianjin University, Tianjin 300072;
2. Computer Center, Hebei University of Economics and Trade, Shijiazhuang 050061)

Abstract Time series data is characterized as large in data size, high dimensionality and updates continuously. It is hard to manipulate for data
analysis and mining in its original structure. Defining a more effective and efficient time series segmentation algorithm is of fundamental
importance. This paper proposes a time series segmentation algorithm based on Series Importance Point (SIP), which can approximately represent
time series by linear composed of SIP. This method adopts SIP as segmentation point in time series reflecting mostly character of time series. The
dimensionality of time series is reduced, and the error of the whole is least.
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