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Table 3  Prediction error evaluation of models based on

different dimensionality reduction methods

i MAE/MW  MAPE RMSE/MW i)/
KELM 2.38 0. 038 3.09 1845
VMD-KELM 2.36 0. 038 3.05 2239
kPCA-KELM 2.61 0. 035 3.31 164 6
ikPCA-KELM 1.35 0. 024 1.91 150 8
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Iterative convergence curves of four algorithms
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A7 MAE/MW MAPE RMSE/MW
VMD-ISSA-KELM 0.219 0. 045 0.264
EN-SKPCA-LSTMNN 0.122 0. 026 0.167
ikPCA-FABAS-KELM 0. 038 0. 007 0. 052
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Table 7  Evaluation indicators for multi-step prediction error

T K A MAE/MW MAPE RMSE/MW
VMD-ISSA-KELM 0.201  0.016 0.255
24 EN-SKPCA-LSTMNN ~ 0.144  0.018 0.203
ikPCA-FABAS-KELM ~ 0.032  0.011 0. 039
VMD-ISSA-KELM 0.296  0.020 0.371
44 EN-SKPCA-LSTMNN ~ 0.186  0.016 0.263
ikPCA-FABAS-KELM ~ 0.102  0.013 0. 141
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Short-term wind power prediction based on ikPCA-FABAS-KELM

XU Wu' FAN Xinhao' SHEN Zhifang' LIU Yang' LIU Wu®

1 School of Electrical and Information Engineering, Yunnan Minzu University , Kunming 650031, China
2 Water Supply and Power Supply Company of Xinjiang Dushanzi Petrochemical Company , Karamay 834000, China

Abstract A prediction model based on ikPCA-FABAS-KELM is proposed to improve the short-term wind power
prediction by traditional data-driven machine learning models. First, the principal component analysis is improved
and the reversible kernel Principal Component Analysis (ikPCA) is proposed to reduce the complexity of input data
while ensuring data features, with the purpose to advance the model in running speed.Second , the individual attrac-
tion strategies for Firefly Algorithm (FA) are used to improve the Beetle Antennae Search ( BAS) thus a FABAS
algorithm is proposed.Finally,the FABAS algorithm is used to optimize the regularization parameter C and kernel
parameters vy of the Kernel Extreme Learning Machine ( KELM) ,which can reduce the impact of manual parameter
setting on blind model training thus improve model prediction accuracy. The simulation results show that the
proposed model effectively improves the short-term wind power prediction accuracy.

Key words short-term wind power prediction ;firefly algorithm (FA) ;beetle antennae search ( BAS) ;kernel prin-

cipal component analysis ; kernel extreme learning machine ( KELM)



