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Abstract
which is called demand peak. The fused magnesia furnace(FMF) will be switched off when the demand peak value reaches

The electricity demand in the fused magnesia smelting process (FMSP) will first rise and then fall gradually

the limit. In order to avoid unnecessary FMF switching off at the demand peak, it is necessary to identify the demand
peak and predict next multi-step demand. In this paper, we develop a multi-step ahead demand forecasting model of the
electricity demand based on the closed-loop control system of the smelting current in the FMSP. The multi-step ahead
demand forecasting model combines an identifiable linear model with an unknown nonlinear dynamic system. A multi-step
intelligent forecast method for electricity demand in the FMSP is proposed based on the system identification and deep
learning with the side-edge-cloud structure. The experimental results using real data of the FMSP in a fused magnesia

factory verify that the proposed prediction method can effectively predict the trend of demand.
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Fig. 1 An flow chart of electricity demand monitoring for fused magnesia production
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Fig. 2 Diagram of multi-step intelligent forecast of demand for side-edge-cloud coroutine
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Precision comparison of demand forecast
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RZ(%) 'S 99.96 99.62 99.59 99.47 99.39 99.31 98.99 98.51 98.03 97.95
JCHR[9)] 90.34 90.05 89.77 89.54 88.73 88.48 88.01 87.76 87.33 86.94
RMSE; AL 9.93 11.06 11.99 13.03 13.89 14.73 16.05 16.83 17.93 18.78
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