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Multivariate Time Series Classification Based on Shapelets Learning

ZHAO Hui-yun PAN Zhi-song

(College of Command and Control Engineering, The Army Engineering University of PLA,Nanjing 210007, China)
Abstract Multivariate time series data exist in a wide range of real-life domains,and multivariate time series classifica-
tion is a basic method of obtaining information from time series data. At present, time series classification is suffered
from the problem that the similarity measure of time series data is special and the dimension of the original data is high,
thus the classification performance of the existing multivariate time series classification methods still need to be im-
proved. This paper presented a multivariate time series classification method based on shapelet learning. At first, this
paper established a shapelets learning method under a regularized least squares loss learning framework, and the time
series classification method with one dimension based on shapelets is used to classify the vrivariate data of multivariate
time series. Then the final resut of the multivariate time series is determined through plurality voting. Experimental re-

sults indicate that the proposed method achieves high classification accuracy when processing multivariate time series

classification problem.
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Fig. 5 Relative error rate of SLyrsc compared with four methods
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