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WIND POWER PREDICTION BASED ON DILATION AND EROSION
CLUSTERING METHOD

Zhou Xiao', Dong Lei', Hao Ying', Liao Xiaozhong', Gao Yang’
(1. College of Automation, Beijing Institute of Technology , Beijing 100081, China;
2. College of Electric Power, Shenyang Institute of Engineering , Shenyang 110136, China)

Abstract: A new clustering method based on dilation and erosion is proposed and UCI (University of California Irvine)
data set is used to carry out experimental simulation to prove the feasibility of this method. Then this clustering method is
used to classify NWP (numerical weather prediction) information in wind power prediction, selecting the historical day
data of the same type as the forecast day data as the training sample, and the generalized regression neural network is
used to predict the power and compare with the direct prediction method. The simulation results show that
the re-prediction has higher prediction accuracy after classification of historical day data based on dilation and erosion
clustering analysis.

Keywords: wind power prediction; clustering; dilation and erosion; generalized regression neural network (GRNN)



