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Application of EMD in the Atmosphere
Time Series Prediction

XUAN Zhao-Yan!'?2  YANG Gong-Xun'

Abstract In this paper, a new method to improve non-
stationary time series prediction accuracy is introduced. The
non-stationary time series is decomposed by empirical mode de-
composition (EMD) in Hilbert-Huang transform to reduce the
non-stationarity in the signals. By using neural network, the
component of decomposition is predicted, then the predicted re-
sults are added. The author has predicted monthly precipitation
data at Shijiazhuang with the method. The study shows that
the prediction accuracy of the neural network based on EMD is
higher than that of prediction method using the neural network.
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Fig.1 Prediction of monthly precipitation data at
Shijiazhuang
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Fig.3 Time series of monthly precipitation data at
Shijiazhuang
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Fig.4 Empirical mode decomposition(EMD) of Fig. 3
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Fig.5 Prediction of monthly precipitation data at
Shijiazhuang based on EMD (Solid line is representation of

observation, while the dotted line is the prediction. )
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