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Short-term wind power prediction of a VMD-GRU based on Bayesian optimization

LIU Xinyu, PU Xinyu, LI Jifang, ZHANG Jiangtao
(North China University of Water Resources and Electric Power, Zhengzhou 450045, China)

Abstract: To improve the accuracy of wind power prediction, a wind power prediction method based on Bayesian
optimization variational mode decomposition (VMD) and a gated recurrent unit (GRU) is proposed. First, the VMD
algorithm is used to decompose the wind power sequence, and the optimal mode number of sequence decomposition is
determined according to the size of permutation entropy (PE). Then, the decomposed sub-sequence components are
combined with the key meteorological variable data to form the input characteristics of the model. The GRU network is
used to predict each sub-sequence component separately, and the prediction results of each sub-sequence component are
reconstructed to obtain the wind power prediction results. Finally, the Bayesian optimization method is used to optimize
the network initial hyperparameters of each subsequent prediction model. The proposed model is evaluated on a real wind
power data from a wind farm and compared with six baseline models. The results show that the VMD-GRU prediction
model based on Bayesian optimization is clearly the superior model, has better generalizability, and can effectively
improve the prediction accuracy of wind power.
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Table 1 PE values of different VMD decomposition

numbers in each month of 2020

A VMD 43 fif 4

B 5 6 7 8 9 10 11 12
10740 0922 0901 0.895 0901 0911 088 0.886
2 0806 0954 0917 0934 0918 0928 0935 0.935
30740 0911 0921 0913 0896 0.883 0.872 0.891
4 0852 0915 0.883 0.890 0911 0901 0.890 0.889
5 0884 0.792 079 0906 0894 0874 0.873 0.903
6 0919 0924 0820 0.816 0.890 0874 0899 0911
7 0770 0798 0.895 0.896 0913 0882 0.872 0.869
8 0756 0.825 0928 0916 0927 0.866 0.901 0.907
9 0732 0.785 0.836 0.833 0909 0904 0902 0.899
10 0.883 0.832 0.831 0874 0905 0.884 0.923 0915
11 0725 0764 0862 0907 0867 0889 0.881 0.882
120796 0.822 0.843 0.853 0917 0.887 0.876 0.894
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based on Bayesian optimization
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