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Fig.1 Spatial structure of two-dimensional convolutional layer
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Fig.2 One-dimensional CNN with two convolutional layers
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Fig.4 Unrolled architecture of a five-layer
GRU neural network
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Fig.5 Structure of wind power forecasting

model based on C-GRU
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Short-term wind power forecasting model based on deep gated recurrent unit neural network
NIU Zhewen, YU Zeyuan, LI Bo, TANG Wenhu
(School of Electric Power,South China University of Technology , Guangzhou 510641, China)

Abstract; With the development of renewable energy,a large number of wind turbines with high capacity have been
connected to power grids,bringing new challenges to the safe and reliable operation of power grids and the sustai-
nable development of wind power generation. A wind power forecasting model is proposed, which combines the his-
torical data of wind power and the data of numerical weather prediction such as wind speed and wind direction as the
inputs. Because of the fluctuation and uncertainty of the input data, CNN ( Convolutional Neural Network ) is
combined with the traditional GRU ( Gated Recurrent Unit) neural network to improve the ability of the model for
feature extraction and dimensionality reduction of the original data. The dropout technology is introduced to reduce
the over-fitting phenomenon. The analysis of engineering example shows that,the proposed model is superior to the
long short-term memory neural network model in the aspects of forecasting accuracy and computational speed.

Key words:wind power forecasting ; deep neural network ; gated recurrent unit; convolutional neural network



