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Short-term wind speed forecasting based on WD-CFA-LSSVM model

FANG Biwu, LIU Dichen, WANG Bo, YAN Bingke, WANG Xunting
(School of Electrical Engineering, Wuhan University, Wuhan 430072, China)

Abstract: Accurately predicting wind speed is of key importance for large scale wind power connecting to the grid. To
improve the short-term wind speed forecasting accuracy, a least squares support vector machine wind speed prediction
model based on wavelet decomposition and improved firefly algorithm is proposed. Firstly, the actual wind speed series is
decomposed and reconstructed to approximate series and detail series, then the series are separately predicted by LSSVM
optimized by chaotic firefly algorithm, at last the separate prediction series are superposed as the ultimate prediction wind
speed. To verify the proposed model, two different time scale actual wind speed data are applied to simulation. The results
show that the proposed model has higher prediction accuracy than classical model like CV-LSSVM, IPSO-LSSVM,
WD-DE-LSSVM and BP neural networks, showing its validity and superiority.
This work is supported by National Natural Science Foundation of China (No. 51477121 and No. 51207113).
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Fig. 4 10 minutes level prediction results of different methods
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Table 1 Prediction errors of different methods

MAE MAPE RMSE
10 35

LSSVM 0.140 4 0.009 0 0.0358

BP 0.2933 0.018 6 0.069 9

IPSO-LSSVM 0.097 9 0.006 3 0.026 6

WD-DE-LSSVM 0.070 4 0.004 5 0.018 8

CFA-LSSVM 0.094 0 0.006 1 0.0253

WD-CFA-LSSVM 0.053 5 0.003 4 0.0140

UNINEZS

LSSVM 0.948 5 0.0713 0.2343

BP 0.9309 0.0710 0.229 8

IPSO-LSSVM 0.757 2 0.056 9 0.1873

WD-DE-LSSVM 0.433 4 0.0350 0.096 7

CFA-LSSVM 0.697 9 0.0527 0.171 4

WD-CFA-LSSVM 0.3339 0.0249 0.087 4
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