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Optimization of a wind power time series prediction model based on a

two-parameter least squares support vector machine

LIU Yun

YI Song*

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract; The advantages and disadvantages of the wind power time series prediction model directly affect the ap-

plication value of wind power. The least squares support vector machine (LSSVM) has obvious advantages in deal-

ing with wind power prediction. This paper proposes a two-parameter algorithm (TPA) , which shows that any ini-

tial value can converge linearly to the global optimal value. The two-parameter (TPA) algorithm is employed to op-
timize the penalty factor and radial base width of the LSSVM model, and the trained TPA —LSSVM model is then
applied to wind power prediction. The simulation results show that compared with the LSSVM model, the particle

swarm least squares support vector machine (PSO-LSSVM) model and the radial basis function neural network
(RBFNN) model, the TPA algorithm can better realize the parameter optimization of LSSVM, and thus the TPA -

LSSVM model can effectively improve the prediction accuracy.

Key words: least squares support vector machine; time series prediction; two-parameter algorithm; parameter opti-

mization
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