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Application of SARIMA-SVR hybrid model in

electricity revenue forecasting
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Abstract: Aiming at the difficulty of accurate prediction caused by linear and nonlinear factors when SARIMA
model and SVR model forecast electricity revenue data, a SARIMA-SVR hybrid model combining SARIMA
and SVR was proposed. The validity of the SARIMA - SVR hybrid model was verified by using the monthly
electricity revenue data of Yanbian Power Supply Company. The results show that the average absolute
percentage error of SARIMA-SVR model is 13.50% lower than that of SARIMA model and 73.75% lower
than that of SVR model. The results show that SARIMA-SVR hybrid model has a good prediction effect on
electricity income data.
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