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Short-Term Wind Speed Combined Forecasting
Using Wavelet Analysis and Neural Network
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Abstract: In order to improve the forecasting accuracy and reduce the impact of randomness and volatility of
the wind speed, a new forecasting model based on wavelet analysis and neural network is presented. By means
of the wavelet analysis technique, the original wind speed series are decomposed into a series of components of
different frequencies components, and reconstructed by twice-interpolation. According to the frequency charac-
teristics of each component, the suitable model is selected to forecast separately. The high frequency compo-
nent is forecasted by combined neural network, and the low frequency component is forecasted by a suitable
single model. The final forecasting value is obtained by superimposing each forecasting values. The simulation
results show that compared with the single prediction model, the forecasting accuracy of the proposed method
is greatly improved, and it is closer to the actual wind speed curve, and it is more reliable.
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