F40H FoM H 3 b % #H
2023 4 9 H ACTA AUTOMATICA SINICA

Vol. 49, No. 9
September, 2023

BRI E ~HEFESZ S ERMRG A
KET' RRE F W

B E HEBEERAS” (Fused magnesia smelting process, FMSP) F EFF 22 B FEBFEIRIEE Z , 2 {H ik 3
M EIRIEE, 2% BIFE) (Fused magnesia furnace, FMF) iz /7 B o A8 6 9 0 i 201 A S o0 TE 7 1) 375 55 7 s AR 0
BEAT RS, R TR BT R R 2 D TR, R BB A = i RS A R PR PR AR ) R G 5 FE AL T Pl 2R AR TR RN R S R 28
MBS RGHENFERZ DTHRE B RAPR SR EZ MG GRE Tl s h RS =HEFH R 2 D6
TR T7 5. SR B BERD A 7= i R 1) Mk R B 1 S 06 45 SR SGIE T BT B ) TR 77 vk T DA B IR 75 AR A 3

kR HEZDTIR, FERE, Wl s hFE, BIERRE S

IR RS, SR, Al MRS A e H R 2 D RE TR i H AR, 2023, 49(9): 1868-1877

DOI 10.16383/j.aas.c220659

Multi-step Intelligent Forecasting Method for Electricity Demand of

Fused Magnesia Production

ZHANG Jing-Wen' CHAI Tian-You' LI Kang®

Abstract The electricity demand in a fused magnesia smelting process (FMSP) may first rise and then fall gradu-
ally, a phenomenon called demand peak. The fused magnesia furnace (FMF) will be switched off when the demand
peak value reaches 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 de-
mand 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 edge-cloud coordination. The experimental results us-
ing real data of the FMSP in a fused magnesia factory verify that the proposed method can effectively predict the
trend of demand.
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Fig.1  An flow chart of electricity demand monitoring process for a fused magnesia production
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Table 2  Precision comparison of demand forecast
TR 1 2 3 4 5 6 7 8 9 10
Rf (%) A 99.96 99.62 99.59 99.47 99.39 99.31 98.99 98.51 98.03 97.95
SCk [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
SCHiR (9] 24.92 30.01 34.49 39.99 44.79 50.23 54.93 60.05 65.32 70.64
MAPE; (%) A 0.04 0.05 0.05 0.06 0.06 0.07 0.07 0.08 0.08 0.08
ik 9] 0.11 0.13 0.15 0.18 0.20 0.22 0.24 0.27 0.29 0.32
TPR; (%) AL 94.88 93.21 92.19 91.42 90.17 89.77 88.21 90.05 91.55 89.66
SCk [9] 86.12 82.11 80.05 80.11 78.94 79.33 79.11 77.06 80.15 79.02
TNR; (%) A3 93.22 94.67 92.19 92.01 94.21 93.18 90.96 89.99 88.12 90.01
SCik [9] 81.12 80.04 80.67 83.72 79.99 80.15 77.56 86.77 80.15 76.91
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Fig.4 Demand forecast results for the 1st-step Fig.5 Demand forecast results for the 5th-step
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