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Ultra-short-term wind power prediction based on modal decomposition and
combined neural network
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Abstract: Due to the significant volatility and randomness of wind power data, low prediction accuracy is often
observed with a single model in wind power prediction. To overcome this, an ultra-short-term wind power
prediction method is introduced, based on modal decomposition and a combined neural network model. Firstly,
the wind power data are processed based on the improved fully integrated empirical modal decomposition and
sample entropy, which decomposes the unsteady series into smoother sub-sequences and reconstructs the
high-frequency oscillatory component and low-frequency smooth component synchronously. Secondly, a hybrid
prediction model for wind power based on an adaptive sparse self-attention mechanism is constructed. For the
high-frequency oscillatory component with high complexity, the adaptive sparse Transformer model is used to
fully explore the fluctuation information. For the low-frequency stationary components, the sequence features are
fully extracted by the bidirectional gated recurrent unit model. Finally, the final prediction outcomes are derived
by overlaying the forecast results of each component. Test was performed with actual data from a wind farm in
Shandong, and the results show that, compared with other commonly used models, the proposed model’s root
mean square error and average absolute error has decreased by 2.644 MW and 2.42 MW, and the coefficient of
determination has a notable 18.2% increase, implying it has a good prediction performance.
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i Ormse/MW R? YIZRET a)/s
FEDformer 35123 0.8532 504
ASBIGRU 32561 0.8724 316
Informer 27314 09141 392
TFT 20271 0.926 3 464
AST 1.689 7 0.964 3 348
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Fig.9 Prediction results of low-frequency stationary
component
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Tab.4 Comparison of low-frequency stationary component
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Fig.10 Wind power prediction results of each
decomposition model
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Tab.5 The prediction accuracy of each decomposition model

R Ormse/ MW Omae/MW R2
H1 43725 29732 0.7437
H2 3.863 2 26714 0.7945
H3 3.636 1 24821 0.814 2
H4 3.3854 23572 0.843 6
H5 2.657 3 18367 0.904 1
H6 21746 13243 0.9136

models
[t Ormse/MW R? PERREIS
AST 2.724 2 0.8941 324
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Fig.11 Wind power prediction results of each forecasting
model
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Tab.6 Comparative analysis of forecasting accuracy among
diverse predictive models

et} Ormse/MW Omae/MW R?
M1 4.328 3.73 0.8189
M2 3.224 2.75 0.864 2
M3 2.794 231 0.8912
M4 2.374 1.78 0.9256
M5 1.684 131 0.967 9
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