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Research on similarity mining in time series data sets

ZHEN G Binxiang, XI Yu—geng, DU X iu-hua
(Institute of Automation, Shanghai Jiaotong University, Shanghai 200030, China)

Abstract: A new algorithm based on feedback is proposed for the time series data similarity mining.
T he algorithm lets the users set weights for the time sequences obtained through the original range
query. Similarity time sequences are got by using range query based on the time sequence through
feedback. The algorithm is applied for similarity mining of the time series data of the electrical loads for
a steel plant. The simulation results show the effectiveness of the algorithm.
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