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Abstract: The basic theoretic analysis of gparse Bayesian method in time series forecasting is introduced Chaotic

tme series produced by L ogistic equation and some type of engine lubrication tme series are used for feasibility

validation

In order to show its superiority, support vector machine (S/M ) and RBF neural networks forecaster are

al® used during numerical smulations Examples show that gparse Bayesian classification achieves comparable

recognition accuracy to the SYM , and al® requires substantially few er kernel functions Experimental results show

the better perfomance in forecasting
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