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Ultra-short-term wind speed prediction based on VMD-LSTM
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Abstract: Wind speed has characteristics of non-linearity, non-stationarity and randomness. In order to improve the
accuracy of ultra-short-term wind speed prediction, a new method based on VMD and LSTM is proposed. First, the VMD
is used to decompose the wind speed sequence into a series of IMF to reduce the complexity and non-stationarity of the
original data. Secondly, LSTM models with 1-step ahead wind speed prediction are established for each IMF. Finally, the
prediction results of each IMF are superimposed to obtain the final predicted wind speed. The results show that the
prediction accuracy of the proposed model is better than other typical wind speed prediction models, and the model has
good performance in the prediction of ultra-short wind speed.
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Table 1 Experimental settings of deep LSTM

hyper-parameters

[ W R AR 2R
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epoch [40,80,120,160,200,240]
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Fig. 4 VMD decomposition results of wind speed sequence
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Table 2 Frequency of each IMF component center under different K values

K IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 IMF9 IMF10
4 0.38 34.83 91.05 181.54

5 0.37 34.14 87.70 160.81 283.09

6 0.37 34.07 87.40 159.41 280.93 456.42

7 0.37 33.93 86.79 156.38 273.20 377.13 507.60

8 0.37 33.88 86.56 155.34 270.74 373.77 497.01 634.03

9 0.36 32.17 79.56 128.74 190.57 281.70 379.09 501.90 639.57

10 0.36 32.15 79.44 128.44 189.89 279.96 366.86 450.97 523.79 659.68
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Fig. 5 Prediction results of the model
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Fig. 6 Wind speed prediction results of six different models
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Table 3 Prediction errors of different models

TR RMSE/(m's™)  MAPE/%  MAE/(ms™)
VMD-LSTM 0.053 5.638 0.043
VMD-WNN 0.083 8.535 0.064
VMD-GA-BP 0.081 8.526 0.061

VMD-PSO-ELM 0.078 8.101 0.060
VMD-SVM 0.078 8.572 0.060
VMD-ARIMA 0.139 13.023 0.102
EMD-LSTM 0.161 21.673 0.129
EMD-WNN 0.150 19.889 0.120
EMD-GA-BP 0.131 14.652 0.101
EMD-PSO-ELM 0.138 16.033 0.109
EMD-SVM 0.187 23.335 0.158
EMD-ARIMA 0.206 21.731 0.157
LSTM 0.246 18.820 0.171
WNN 0.275 21918 0.197
GA-BP 0.245 23.376 0.184
PSO-ELM 0.246 19.893 0.175
SVM 0.244 20.779 0.177
ARIMA 0.246 23223 0.181
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