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Fig. 1  Prediction error distribution of wind power and probability density function estimation under different power segments
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Fig. 2 Autocorrelation sequence diagram of wind speed
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Fig. 3 Schematic diagram of quartile method
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PROBABILISTIC INTERVALS FORECASTING OF
WIND POWER BASED ON MOVING BLOCK PERCENTILE
BOOTSTRAP METHOD

Yang Xiyun', Zhang Huang', Guan Wenyuan®, Dong Dehua'
(1. School of Control and Computer Engineering , North China Electric Power University , Beijing 102206, China;
2. CSSC Electronics Technology Co., Lid., Beijing 100070, China)

Abstract: A probabilistic wind generation forecasting intervals was established based on non-parametric Moving Block
Percentile Bootstrap (MBPB) method. Due to the temporal dependence in power data, firstly, prediction power is
divided equidistantly. Then moving block bootstrap method is applied to reshape new samples using forecasting errors of
each power section. Combining MBPB and Quartile together, the lower upper bounds estimation under given confidence
level can be obtained by utilizing the combination method for deduction. Finally, probabilistic forecasting interval of
corresponding power section is achieved, and evidently superior to both Percentile and Percentile Bootstrap (PB)
methods in terms of Prediction Interval Coverage Probability and PI Normalized Average Width which are introduced to
assess the quality of interval. Results show that the proposed approach ensures a higher PICP and a narrower PINAW
simultaneously, indicating a more satisfactory performance.
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