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Short-term Wind Power Prediction based on PCC-CNN-GRU

YANG Rui, WEN Wu, XU Hong
(College of Computer Science,Chengdu University of Information Technology, Chengdu 610225, China)

Abstract ; Reliable wind power prediction is of great significance for the power sector to make power dispatching plans
and maintain the safe operation of the power grid. This task is very challenging, because the accuracy of wind power
prediction is affected by many factors, such as geographical factors, environmental factors, human factors and so on. In
this paper, a combination forecasting model PCC-CNN-GRU ( Pearson correlation coefficient-convolutional neural net-
works-gate recurrent unit) based on deep learning is proposed, taking environmental factors into account. Firstly, the
model uses the Pearson Correlation Coefficient method to analyze the correlation between different factors and wind power
in the input data, eliminate the factors not related to the wind power, and reconstruct the new input data and carry out
normalization processing. Then the deep features of the data are extracted by using one-dimensional convolutional neural
network , and finally the extracted features are sent to GRU neural network for prediction. The experimental results show
that the method has the least prediction error and the strongest prediction ability.

Keywords : wind speed prediction ; PCC ; CNN; combined forecasting model



