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Summary of research on preprocessing of time series data mining
ZHANG Youhao, ZHAO Ming, XU Mengyao, ZHAO Guangjing
(School of Air Transport, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Due to the massive and high-dimensional characteristics of time series data, preprocessing the original data is an
important step for time series data mining. Effective preprocessing can not only remove noise and redundancy, reduce the scale of
data, and improve computing efficiency, but it can also reveal data relationships by extracting data features, which helps to

implement time series data mining. This paper analyzes and summarizes the existing principles and methods from the aspects of data
missing, data noise, outliers/anomalous value, feature extraction and pattern representation, and provides references for subsequent

time series data mining research.
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