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Abstract Periodicity is an important feature for time series that can be used for describing time series exactly and predicting its development
trends. In existing mining algorithms for periodic patterns, the periodicity length is user-specified in andvanc, and the presence of noise is not taken
into account. Based on ERP(Edit distance with Real Penalty) measurement and time warping algorithm, this paper proposes a novel algorithm for
periodicity length detection, which can realize warp on the time axis including extending and translation. It is less affected by noise interference.
Experimental results show that the performance of this algorithm is better than existing periodicity detection algorithms.
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