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Research on Time Series Classification Based on Shapelet
YAN Wen-he LI Gui-ling
(School of Computer Science,China University of Geosciences, Wuhan 430074 ,China)
Abstract Time series is high-dimensional real-value data changing with time order,and it appears extensively in the

fields of medicine,finance, monitoring and others. Because the accuracy of conventional classification algorithms is not
ideal for the time series and it doesn’t possess the characteristic of interpretability,and shapelet is a discriminative con-
tinuous time-series subsequence,the time series classification based on shapelet has become one of the hot spots in the
researches on time series classification. First, through analyzing the existing time series shapelet discovery methods. this
paper classified them into two catalogues,namely shapelet discovery from shapelet candidates and learning shapelet by
optimizing object function,and introduced the application of shapelet. Then, according to the classification object, this
paper emphasized the univariate time series classification algorithms and multivariate time series classification algo-
rithms based on shapelet. Finally, this paper pointed out the further research direction of time series classification based

on shapelet.
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