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Abstract: A novel time series prediction model based on empirical mode decomposition (EMD) and
ARIMA model is established according to the characteristics of nonlinear, nonstationary and multiscale
composite for a large amount of time series existing in practical problems. Firstly, a time series is
decomposed into several intrinsic mode functions(IMF) with different time scales and a trend term based
on EMD method, and the periodic of each IMF is determined. Secondly, seasonal autoregressive
integrated moving averaging(ARIMA) model is used to predict every IMF, while trend moving average
(TMA) model is used to predict the trend term. Finally, the prediction results of all of sub-time series
are combined to obtain final prediction results of the original time series. The experimental results show
that EMD-ARIMA method not only reveals the characteristics of intrinsic multi-scale composite and laws
of seasonal variation of actual time series, but also significantly improves the prediction accuracy of time
series compared with the classical ARIMA model and artificial neural network CANN) model, so it is a
reliable prediction method for nonlinear and nonstationary time series.
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Fig 3 Prediction results of EMD components for dataset 3
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