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Table 1 ~ Correlation between NWP data and wind power
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Fig. 1  Flow chart of wind power correlation information

mining based on entropy weight
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Fig. 2 Basic frame of neural network optimization model
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Table 2 Prediction results of wind farm A in different

correlation index on April 20th
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KRR RBEZHE 0836 0.614 0.179  74.571
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Fig. 3 Best and worst prediction results of

wind farm A on April 20th
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RESEARCH ON REAL TIME PREDICTION OF WIND POWER BASED ON
ENTROPY WEIGHT COMPREHENSIVE ASSOCIATION DATA MINING

Yang Mao', Ma Jian', Li Dayong®, Su Xin’, Sun Yong'
(1. Modern Power System Simulation Control & Renewable Energy Tech. Jilin Province Key Laboratory(Northeast Electric Power University
Jilin 132012, China; 2. State Grid Jilin Electric Power Company Tonghua Power Supply Company , Tonghua 130022, China;
3. College of Science, Northeast Electric Power University , Jilin 132012, China;
4. State Grid Zibo Power Supply Company , Zibo 255000, China)

Abstract: The correlation information of wind power history data can effectively improve the accuracy and
computational efficiency of wind power prediction. This paper use a comprehensive correlation index based on entropy-
weight to evaluate nonlinear mapping relationship between different historical periods of wind power sample and
reference samples quantitatively, and solve the correlation redundancy between input and output variables of prediction
model. And compare with the indicators of Pearson correlation coefficient, Kendall correlation coefficient, Spearman
correlation coefficient and correlation coefficient of mutual information. Then, through intimate- samples selection,
hidden layer structure optimization and network weights assignment, a modified model of real time wind power prediction
is used to overcome the defect of the redundant degree training samples and slow convergence in traditional neural
network training process, and improve the generalization ability and computational efficiency of the prediction model.
Based on the measured data of wind farms in Jilin province, the simulation results show that the proposed method can
effectively improve the accuracy of wind power forecasting.

Keywords: association information mining; entropy weight comprehensive correlation coefficient; correlation

redundancy; model generalization ability



