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Ultra-short-term Power Prediction Method Considering Correlation
Characteristics of Multiple Wind Turbines

ZHU Tong', WANG Yanfeng', YE Xi', HUANG Gechao', LI Gan', ZHU Linli®,
ZHANG Wei®, WANG Yuhong®
(1. State Grid Sichuan Electric Power Company, Chengdu 610041, Sichuan, China;2. College of
Electrical Engineering, Sichuan University, Chengdu 610065, Sichuan, China)

Abstract : Due to the complex correlations among neighboring wind turbines, deeply exploring the spatial features of multiple
wind turbines is beneficial for improving wind power prediction accuracy. Therefore, an ultra-short-term power prediction method
considering the correlation characteristics of multiple wind turbines is proposed. Firstly, the energy valley optimization ( EVO)
algorithm is employed to optimize the key parameters of variational mode decomposition (VMD) , which decomposes the original
wind power data into multiple mode components that are more conducive to prediction. And then, a temporal attention
mechanism is introduced into the bidirectional gated recurrent unit ( BiIGRU) sequence prediction network to fully extract the
complex relationships among multiple wind turbines and accurately predict each mode component from a spatiotemporal
perspective. Finally, the predicted values of each mode component are reconstructed to obtain the wind power prediction for
multiple turbines. Experimental results show that, compared to other prediction models, the proposed method not only
effectively can improve the ultra-short-term power prediction accuracy for multiple wind turbines, but also can reduce the
training time.
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