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Probabilistic Prediction of Wind Turbine Output Regarding Wind
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Abstract: The health state of the wind turbine affects the accuracy of power prediction. To improve the accuracy of
short-term wind power prediction and promote the application of renewable energy, this paper proposes a probabilistic
prediction method for wind turbine output that considers the health state of the wind turbine. Firstly, a health state as-
sessment model for wind turbines is constructed based on the adaptive maximum mean difference algorithm ( AMMD).
Secondly, the importance of Spearman’s correlation coefficient is assessed for the wind speed and other eigenvectors,
and the factors with larger impact weights and the assessment results of the health state of the wind turbine are inputted
as influencing factors into the Random Forest probabilistic prediction model to predict the probability of wind power out-
put; and SCADA data of a wind farm is used for the prediction interval accuracy example. Finally, we use the SCADA
data of a wind farm to verify the accuracy of the prediction interval. The experimental results show that, compared to
the traditional random forest method, the proposed approach reduces the mean average absolute error (MAE) by 3. 521
and improves R* by 12%. Tt also outperforms other comparison algorithms to varying degrees. The research results can
provide a reference for wind power prediction in low health conditions.
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Tab. 1  Error comparison of different output prediction meth-

ods
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LSTM 17.527 0. 864 2
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Fig. 9 Comparison of generalization performance of this paper’s method for predicting proba-

bility of unit output at 90% and 80% confidence levels
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