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Research on IL.S-SVM Short-term Wind Power Prediction Based on

Particle Swarm Optimization

. 1 2 . 2 2 . 1
WANG Jing , LIN Sen” , SUN Xian" , ZHANG Yu , TANG Jing
(1.School of Electronic Engineering and Electrical Automation, Chaohu University, Anhui Chaohu 238000, China;
2. National Grid Anhui Wuwei County Power Supply Co., Lid, Anhui Wuhu 241000, China)

Abstract; Volatility, intermittence and randomness of wind power cause longer time and bigger error in wind
power prediction, therefore, in order to improve prediction accuracy and shorten prediction time, this paper uses
particle swarm optimization to optimize the parameters for least square support vector machine ( LS-SVM )
algorithm, then sets up the optimization prediction model to conduct simulation, and the results show that the
optimized model has higher prediction accuracy than RBF and LS-SVM.
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The Stability of a Class of Generalized Busemann-Petty Problem

FENG Weli

(School of Mathematics, Chongqing Normal University, Chongqing 401331, China)

Abstract: This paper mainly discusses the stability of generalized Busemann-Petty problem, its results
involving in the stability of generalized Busemann-Petty problem on dimension-restriction and the stability of
Busemann-Petty problem related to generalized-intersection-like structure. The results in this paper more detailedly
segments and contains the stability results of generalized Busemann-Petty problem given by Koldobsky and Ma Dan,
providing the enlightenment for deepening the related researches.

Key words: stability; generalized Busemann-Petty problem; dual mixed volume; i-dimensional

Radon transform

RERE TR



