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Abstract Aiming at the problems that the Euclidean distance is sensitive to the anomaly data and the efficiency of the
DTW distance algorithm is low,a time series similarity method based on the moving average and the piecewise linear re-
gression was proposed. Firstly. the original variable-averaging algorithm and the piecewise linear regression are used to
transform the original time series. The parameters of the piecewise linear regression (intercept and distance) are taken
as the characteristics of the time series so that the feature extraction of the time series is realized,and the data is dimen-
sioned. Then it calculated distance using the dynamic time bending distance. The performance of the method is similar to

that of DTW algorithm, but the proposed method is almost 96 % higher in algorithm efficiency. The experimental results
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verify the effectiveness and accuracy of the method.
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