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A Power Load Probability Density Forecasting Method Based on RBF
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ABSTRACT: According to the problem of short-term load
forecasting in the power system, this paper proposed a
probability density forecasting method using radical basis
function (RBF) neural network quantile regression based on the
existed researches on combination forecasting and probability
interval prediction. The probability density function of load at
any period in a day was evaluated. The proposed method can
obtain more useful information than point prediction and
interval prediction, and can implement the whole probability
distribution forecasting for future load. The practical data of a
city in China show that the proposed probability density
forecasting method can gain more accurate result of point
prediction and obtain the forecasting results of integrated
probability density function of short-term load.
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RBF quantile regression method
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