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Temporal Convolutional Neural Network for Wind Power Prediction
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Abstract: Due to the uncertainty and randomness of wind power, it is very important to predict wind power in the stable operation
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of power system. To improve the prediction accuracy of wind power model; After studying the mathematical model of wind turbine,
combining physical modeling and data-driven modeling, a temporal convolutional neural network model based on physical information
is proposed to predict the power of wind turbine. The rotor motion equation of the wind turbine is embedded into the loss function of
the temporal convolutional neural network. so as to improve the prediction ability, generalization and physical interpretability of the
model. The physical model of the wind turbine is built in Simulink simulation software to obtain experimental data samples. Through
experiments under the same working conditions and extrapolation experiments, the results show that compared with the original tem-
poral convolutional neural network model, the temporal convolutional neural network model based on physical information reduces the
root mean square error by 50. 8% , and the root mean square error of the extrapolation experiment is reduced by 55. 2% , significantly
improving the accuracy of wind power prediction.
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3 316. 39 120. 83 48. 96 309.70 111.94 34,21 311.44 126. 54 59.95
4 328. 14 151.50 79.16 311.41 118.09 42.62 314. 39 182. 43 96. 32
5 341.19 191.93 118.73 316.19 131. 66 55.97 316.47 211. 80 108. 37
6 355. 57 238.52 164.09 323.32 150. 32 71.83 318.78 234.12 119. 39
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