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Abstract: Because the annual load includes some steady increasing trend components and some stochastic components it is
difficult for a single medium and long term load forecasting model to achieve the desired forecasting accuracy while the combi—
nation model can realize the optimal combination for the different forecasting models and can synthetically utilize the forecasting
information of every model so the time series variable weight combinational forecasting model based on support vector machine
is proposed which can realize structural risk minimization of the combination forecasting model instead of the traditional experi—
ence risk minimization. At the same time aiming at the shortcomings of the former load forecasting model which usually just
realizes the point forecasting the interval combination forecasting model of medium and long term load is established based on
interval parameter estimation theory which can solve the problem of the former forecasting model without the range of precision
and develop the traditional forecasting model of medium and long term load. Finally this model is utilized to the practical load
forecasting and the validity and reliability are verified.
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