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Research on Tax Forecasting Model Based on PSO and Least Squares Support Vector Machine

ZHANG Shu-juan' DENG Xiuqin' LIU Bo?
(School of Applied Mathematics,Guangdong University of Technology,Guangzhou 510006, China)!
(School of Automation, Guangdong University of Technology,Guangzhou 510006, China)?

Abstract Aiming at the tax revenue forecast for the existence of nonlinearity, instability and economic factors that af-
fect multiple complexities, this paper offered to use the method of least squares support vector regression machine to
predict the tax revenue of Guangdong conghua,and established the mathematical model. As the model parameters anddi-
rectly affect the quality of support vector machine,so the author ingeniously incorporated the idea of particle swarm op-
timization algorithm,and PSO for parameters optimization was used to ensure the accuracy and stability of the forecas-
ting model. The simulation experimental results show that with respect to each reference model, using the PSO for pa-
rameters optimization of least squares support vector regression machine accuracy has improved significantly.illustrates
the validity and practicability of the model.
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