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Research on short-term wind speed hybrid variable weight prediction model based on ensemble
empirical mode decomposition and LASSO algorithm

YANG Lei!, HUANG Yuansheng', ZHANG Xiangrong®, DONG Yulin?>, GAO Chong’
(1. North China Electric Power University, Beijing 102206, China;
2. North China Electric Power University, Baoding 071003, China)

Abstract: Accurate wind speed prediction is significant for wind farm development and utilization of wind energy. In
order to improve the prediction accuracy of short-term wind speed, a combined prediction model with variable weight of
short-term wind speed based on Ensemble Empirical Mode Decomposition (EEMD), Least Absolute Shrinkage and
Selection Operator (LASSO), Genetic Algorithm (GA), General Regression Neural Network (GRNN) and long-term and
short-term memory is proposed. First, the ensemble empirical mode decomposition technique is used to decompose the
original wind speed time series into multiple sub-sequences. Then, using the Least Absolute Shrinkage and Selection
Operator (LASSO) algorithm, the historical data of each sub-sequence are filtered, and representative variables are
extracted as prediction inputs. Finally, using the global optimization ability of a GA, the weight coefficients of the
combined prediction model composed of GRNN and LSTM are adaptively solved by moving samples, and the final
prediction results are obtained by weighting. The simulation results show that the proposed variable weight combination
model has higher prediction accuracy than a single model and a traditional combination model, and has superiority in
wind speed prediction.
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Table 3 LASSO algorithm filter variable results
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Table 4 Analysis of model prediction errors in experiment 1
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Table 5 Error analysis of variable weight prediction model

and traditional weighted prediction model
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Table 6 Running time of each model

EEMD-LASSO-TWHM 1 0.8189 0.0748 1.0990
2 0.8693 0.0775 1.1779
3 1.0103 0.0895 1.3191
EEMD-LASSO-VWHM 1 0.6361 0.0592 0.9096
2 0.7702 0.0696 1.1292
3 0.8821 0.0786 1.2692
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Fig. 7 One-step prediction results of different contrast models
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Fig. 8 Two-step prediction results of different contrast models
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Fig. 9 Three-step prediction results of different contrast models
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EEMD-GRNN 19.88 19.83 19.79
EEMD-LSTM 9.53 9.46 9.47
EEMD-LASSO-TWHM 2291 22.69 22.46
EEMD-LASSO-VWHM 98.49 95.64 97.56
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