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density forecasting
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Short-term wind power probability density forecasting based on
EWT and quantile regression forest
SUN Guogiang' ,LIANG Zhi', YU Nayan®, NI Xiaoyu® , WEI Zhinong' ,ZANG Haixiang' ,ZHOU Yizhou'
(1. College of Energy and Electrical Engineering, Hohai University , Nanjing 210098, China;
2. State Grid Wuxi Power Supply Company, Wuxi 214061, China;
3. Wuxi Yang Sheng Technology Co.,Ltd., Wuxi 214106, China)

Abstract ; Probability density forecasting can give more information about future wind power output such as possible
fluctuation ranges, probability and uncertainty of predicted values and so on. A combined probability density forecas-
ting model for short-term wind power is proposed based on EWT ( Empirical Wavelet Transform) and quantile regres-
sion forest. Firstly ,a new adaptive signal processing method namely empirical wavelet transform is adopted to decom-
pose the original wind power sequence into a series of empirical modes,whose frequency characteristics are different
from each other. Then,the quantile regression forest forecasting model is established respectively for each empirical
mode , obtaining the predictive results under arbitrary quantiles, and the final wind power forecasting values are ob-
tained by summing up the predictive results of different empirical modes. Finally,the kernel density estimation is ap-
plied for the conditional distribution to obtain the probability density forecasting results at any moment. Simulative
results verify the effectiveness of the proposed model.
Key words : empirical wavelet transform; quantile regression forest; kernel density estimation; probability density ;

short-term wind power forecasting ; models



