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Abstract: Aiming at the problems of poor sustainability and stability of wind power in ultra-short-term wind electric power
prediction, the varying degrees of influence of various factors in wind turbine output on ultra-short-term wind electric power
prediction, and the limited attention mechanism and lack of global information of the original Transformer neural network
architecture, a wind power prediction model based on the combination of Informer network architecture and Markov chain
correction was proposed. The model uses algorithms including random forest and Lagrangian interpolation to preprocess data, uses
the Informer neural network architecture to predict wind electric power, and uses Markov chains to correct errors in ultra-short-term
wind power prediction results to improve model prediction accuracy. Field experiment results show that the model improves the
prediction time step and prediction accuracy of wind electric power, with the monthly average accuracy reaching up to 97% and the
annual average accuracy reaching 95%.
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Fig. 8 The forecasting performance of ultra-short-term wind power in different months
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Fig. 9 Comparison of pre- and post-correction errors in ultra
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