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Figure 2 Wind speed sequence for three wind farms
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Table 1 Descriptive statistics of wind speed series
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Table 2 Parameter setting of the model
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Table 3 Input variable selection results
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Table 4 Forecasting result of different models at three wind farms

- K, 41 A #2 AU HL 37 #3
RMSE/(m-s™") o RMSE/(m-s™") o RMSE/(m-s™") o

ELM 1.597 0.928 2.059 1.820 1.792 1.492
CEEMDAN-LSTM 1.153 0. 565 1.290 0. 760 1. 115 0. 525
CEEMDAN-ConvL.STM 0.937 0. 370 1. 100 0. 500 1. 001 0. 429
CEEMDAN-TCN 0. 890 0.311 1.070 0.519 1. 005 0.433
CEEMDAN-ELM 0. 996 0. 439 1. 020 0. 453 0.981 0. 404
CEEMDAN-GWO-ELM 0. 859 0.321 0. 925 0. 368 0.927 0.368
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Figure 4 Variation trend of the error indicators of different models in three wind farms with the predicted step
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Multistep Prediction of Wind Speed Based on Grey Wolf Algorithm and Extreme
Learning Machine

ZHANG Wenyu', MA Keke’, GUO Zhenhai’, ZHAO Jing’, QIU Wenzhi’

(1. School of Earth Sciences and Technology, Zhengzhou University, Zhengzhou 450001, China; 2. School of Computer and Artificial
Intelligence, Zhengzhou University, Zhengzhou 450001, China; 3. State Key Laboratory of Numerical Modeling of Atmospheric Sci-
ences and Geophysical Fluid Dynamics, Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing 100029, China)

Abstract ; In order to improve the multi-step prediction of wind speed, a hybrid prediction model based on data sig-
nal decomposition and grey wolf optimization algorithm was proposed to optimize extreme learning machine. Firstly,
the original wind speed time series was decomposed into several intrinsic mode functions and a residual sequence
using the complete ensemble empirical mode decomposition with adaptive noise, and the partial autocorrelation
function model input. Then, the model was built and the prediction was made on the decomposition subsequence.
An extreme learning machine neural network with multi-input-multi-output strategy was constructed, and grey wolf
algorithm was used to solve the weight and bias of the optimal hidden layer. Finally, the subsequence was recon-
structed and the final prediction result was obtained. Simulation experiments were conducted using multiple sets of
measured data with a time resolution of 15 minutes. The root mean square errors of the proposed model in the three
wind farms were 0. 859, 0.925, and 0. 927, respectively, which were lower than other comparative models, verif-
ying the effectiveness of the model in predicting wind speed in the next four hours,i. e. 16 steps prediction.

Keywords; wind speed prediction; multi-step prediction ; signal decomposition; selection of features; grey wolf op-

timization ; extreme learning machine



