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Ultra-short-term prediction of wind power
based on VMD-SSA and error compensation
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Abstract ; In order to solve the problem that wind power is difficult to be predicted accurately due to nonlinear
characteristics such as high randomness and poor regularity of wind power, a method of ultra-short-term pre-
diction of wind power combining variational modal decomposition ( VMD) , singular spectrum analysis ( SSA) ,
long and short-term memory network ( LSTM) and Gaussian process regression ( GPR) was proposed. The sin-
gular spectrum analysis algorithm was used to optimize the modal components after the variational modal de-
composition, extract the trend in the data, and reduce the random volatility of wind power data. The Gaussian
process regression algorithm was introduced to compensate the error of the prediction results of the long and
short-term memory network to further improve the accuracy of the prediction. The measured data of a wind farm
in Northwest China was taken as an example for simulation and analysis, and the results show that the model is
able to extract the nonlinear features of wind power sequences, effectively characterize the temporal sequence
of wind power, enhance the effect of prediction, and improve the accuracy of prediction.
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Tab.5 Comparison of evaluation indicators of each model
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