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Abstract Time series is a set of random variables ordered in timestamp. It is often the observation of an underlying
process,in which values are collected from uniformly spaced time instants,according to a given sampling rate. Since time
series data exist widely in various application domains,such as finance, agriculture, meteorology, biological science, eco-
logy and so on,discovering knowledge from time series has become one of the mainly research fields of data mining, In
this paper,a comprehensive review on the existing time series representation and classification research was given. In the
term of time series representation, three different categories named non-data adaptive, data adaptive and model based

were summarized, A summary of several time series classification method, namely similarity in time, similarity in shape
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and similarity in change was also provided.
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