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Review of Time Series Prediction Methods
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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. Time se-
ries data essentially reflects the trend that one or some random variables change with time. The core of time series pre-
diction is mining the rule from data and making use of it to estimate future data. This paper emphatically introduced a
summary of time series prediction method,namely the traditional time series prediction method, machine learning based

time series prediction method and online time series prediction method based on parameter model,and further prospec-

ted the future research direction.
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