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Short-term wind speed interval prediction based on VMD
and BA-RVM algorithm

FAN Lei',WEI Zhinong',LI Huijie*, Kwok W Cheung®,SUN Guoqiang',SUN Yonghui'
(1. College of Energy and Electrical Engineering, Hohai University, Nanjing 210098, China;
2. ALSTOM GRID Technology Center Co.,Ltd.,Shanghai 201114 ,China;

3. GE Grid Solutions Inc.,Redmond 98052,USA)
Abstract: Since the existing wind speed prediction methods are mostly of deterministic point forecasting
and could not describe the randomness of wind speed,a short-term wind speed interval prediction model
based on VMD (Variational Mode Decomposition) and BA-RVM(Bat Algorithm-Relevance Vector Machine) is
built. VMD is used to get multiple sub-sequences from the original wind speed sequence,SE (Sample
Entropy) algorithm is applied to reorganize these sub-sequences for obtaining three types of typically
characteristic components,and RVM algorithm is adopted to build the forecasting model for each component.
BA is introduced to optimize the model parameters for further improving the prediction accuracy and
reducing the interval range. The overall interval prediction with a certain confidence level is obtained by
superimposing the forecasted results of three components. Results for a practical case show that,compared
with the existing methods,the proposed method can get higher forecasting accuracy,bigger interval coverage
rate and smaller interval width.
wind power; wind speed prediction; short-term prediction; RVM; VMD; interval prediction
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