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Logistic chaotic mapping strategy population (a) and random initialization population (b)
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Short term wind speed prediction modeling based on
error correction and VMD-ICPA-LSSVM

ZHONG Lin' YAN Qisheng'
1 School of Science,East China University of Technology , Nanchang 330013, China

Abstract Accurate wind speed prediction is the key to large-scale application of wind energy in power system , but
the randomness and volatility of wind speed sequence make it difficult to predict. Herein, strategies of Logistic
chaotic mapping,adaptive parameter adjustment,and the introduction of mutation are used to improve the Carnivo-
rous Plant Algorithm (CPA) ,and a short-term wind speed prediction model based on error correction and VMD-IC-
PA-LSSVM is proposed.First, meteorological factors are used as inputs for Least Squares Support Vector Machine
(LSSVM) to predict wind speed and obtain an error sequence.Then, K-L divergence is used to adaptively determine
the parameters of Variational Mode Decomposition ( VMD) and decompose the error sequence.Then the Improved
Carnivorous Plant Algorithm (ICPA) is combined to optimize the adjustable parameters of LSSVM to predict the
decomposed subsequences.The prediction results of each subsequence are stacked and error correction is performed
on the original prediction sequence to obtain the final wind speed prediction values.The experimental results show
that the proposed model has excellent prediction accuracy and generalization performance.

Key words variational mode decomposition ( VMD) ; carnivorous plant algorithms ( CPA) ;least squares support

vector machine (LSSVM) ;error correction ;wind speed prediction



