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Trend Turning Point Extraction Algorithm for Time Series Data

XING Han*,SHI Xiaoda*,SUN Lianying”,GE Na®
(a. School of Information;b. School of Automation,Beijing Union University, Beijing 100101, China)

[ Abstract] The time series data contains trend information, which can extract the trend turning point according to the
trend information of the data,and can achieve the purpose of compressing the data and reducing the influence of noise. By
analyzing the trend information of time series data,an adaptive data trend turning point extraction algorithm is proposed.
The algorithm does not rely on any prior knowledge, only according to the trend characteristics of the data itself
automatically extract the trend turning point, extracted information including the coordinate index and the corresponding
data. Compared with SEEP, CAP and PAA algorithm, experimental results show that the fitting error and classification
error rate of the algorithm are smaller in the case of multiple data, and the average fitting error is 0. 373 6, the
classification error rate compared with the original data classification error rate decreases by 3.39% .

[ Key words] time series; trend turning point; UCR time series classification dataset; Piecewise Linear Representation
(PLR) ;fitting error
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