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Parameter selection for support vectormachines based on genetic
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Abstract: The impact of different parameters of support vector machine (SVM) model on the power load forecasting was
studied, and a short-term power load forecasting system was studied with SVM model whose parameters were optimized
by genetic algorithms. The parameters for SVM model were pretreated through genetic algorithms to get the optimum
parameter values, and these parameter values were used in the SVM model and genetic algorithm-support vector machine
(GA-SVM) model was obtained, which was used to make short power load forecasting. Every hour’s load from
2005-03—-02 to 2007—05—-22 of an area in Heibei province was taken as the sample data to be analysed. The results show
that the root-mean-square relative error of GA-SVM model is only 2.25%, which is less than those of SVM and back
propagation (BP) model by 0.58% and 1.93%, respectively. The new model overcomes the shortcomings of parameter
selection with traditional methods, for example, researchers often give a set of parameters by virtue of experience or a
limited experiments, and don’t discuss the rationality, and the new model improves the forecasting accuracy.
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