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Short-term wind power forecasting based on SAIGM-KELM

WANG Hao, WANG Yan, JI Zhicheng
(Engineering Research Center of Internet of Things Technology Applications, Ministry of Education,
Jiangnan University, Wuxi 214122, China)

Abstract: Given the problem caused by the randomness and volatility of wind power under time series, a hybrid wind
power forecasting model based on a Self-Adaptive Intelligence Grey Predictive Model with Alterable Structure (SAIGM)
and Genetic Algorithm Optimized Kernel Extreme Learning Machine (GA-KELM) is proposed. First, the influence of
wind vector and Numerical Weather Prediction (NWP) on wind power in different seasons is analyzed by grey correlation,
and the wind speed is predicted by an adaptive intelligent grey system. The predicted wind speed is effectively integrated
with the actual wind vector and NWP in the adjacent time series as prediction samples. Secondly, the optimized kernel
extreme learning machine based on a genetic algorithm is used to build the wind power prediction model, and the actual
wind vector with NWP are also effectively integrated as training samples of the forecasting model. Finally, the optimized
prediction model is used to achieve wind power forecasting in different seasons. Experiments demonstrate that the hybrid
forecasting model can realize short-term wind power forecasting and the results are accurate and reliable.
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Table 2 Comparison of four wind power prediction methods
FH N bR SAIGM-GAELM SAIGM-GAKELM SVM-GAELM SVM-GAKELM
A% RMSE 0.529 4 0.260 3 0.534 3 0.395 1
) MAE 0.3759 0.166 6 0.408 6 0.2515
=x RMSE 0.207 1 0.106 7 0.449 7 0.4156
MAE 0.1709 0.076 8 0.345 6 0.306 0
x RMSE 0.1876 0.102 0 0.416 3 0.4133
MAE 0.1339 0.070 1 0.268 8 0.264 9
*E RMSE 0.269 9 0.1439 0.424 8 0.366 2
MAE 0.236 7 0.105 2 0.3612 0.265 0
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