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Multi-parameter energy consumption modeling and prediction of
an industrial resistance furnace
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(College of Mechanical Engineering, Chongqing University, Chongqing 400044, P. R. China)

Abstract: It is difficult to establish an accurate mathematical model of energy consumption for the
temperature variation of a resistance furnace due to its nonlinear and large delay characteristics. In order to
solve the problem of complexity and not real-time performance of theoretical modeling, a data driven based
multi-parameter energy consumption prediction approach of the resistance furnace is developed in this
paper. Firstly, the theoretical energy consumption prediction model of the resistance furnace is established
by analyzing the energy consumption characteristics of the resistance furnace in the working stage. Then,
the particle swarm optimization algorithm is used to optimize the hyper-parameters of support vector
regression, and a multi-parameter energy consumption prediction model based on support vector regression
is established. Finally, the energy consumption prediction results of support vector regression, gaussian
process regression, and adaptive network-based fuzzy inference system models under single parameter and
multi-parameter conditions are compared. The experimental results show that the support vector regression

multi-parameter energy consumption prediction method based on particle swarm optimization has better
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prediction effect.
Keywords: resistance furnace; multi-parameter energy consumption prediction; support vector regression;

particle swarm optimization
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Fig. 1 Trend of temperature, power and power consumption of resistance furnace
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Fig. 2 Comparison of temperature and power in heating and holding stage
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Table 1 Temperature, current and energy consumption parameters of the resistance furnace (2 min sampling time)
P R/ C 7/ A UE S 1
5T, T, T T T I, I I,  P/kKWE/(kW«h

1 38.00 38.00 69.00 52.00 48.00 110.76 ~ 117.60  89.34 209.10 6.96

2 38.00 41.00 92.00 77.00 70.00 110.76 ~ 117.14  91.62 210.00 7.02

3 38.00 43.00 118.00 106.00 104.00 111.67 117.14 91.16 210.00 7.00

323 38.00 71.00  450.00 455.00 461.00 46.04 62.90 0.00 71.70 2.39

324 39.00 70.00  450.00 455.00 461.00 44.21 63.36 0.00 70.80 2.36

325 38.00 71.00  450.00 455.00 462.00 46.95 63.36 0.00 72.60 2.42

326 38.00 71.00  451.00 455.00 461.00 31.90 42.85 0.00 49.20 1.64

*2 HRBESH
Table 2 Characteristic parameters of the current
ke 1 I HL R S0 2 I FiL A A 5 3 I FlL A A 5

&5 oq,, Lo Ly s Lo Twe L Tue  Las  Lwe T Lo
1 8.11 110.88 8.66 —0.08 3.92 115.96 5.92  —0.83 1.64 90.01 4.10 1.05
2 7.64 111.58 9.12 0.18 3.09 116.05 5.01  —1.12 2.33 90.11 4.56 —0.43
3 9.99 112.49 9.57 —0.59 3.73 116.20 5.65 —1.16 3.37 90.27 5.92 —1.17
323 14.90 44.70 10.50 —1.26 4.34 65.20 4.56 0.01 0.00 0.00 0.00 0.00
324 11.32 44.34 8.66 1.36 3.35 65.20 4.10 0.15 0.00 0.00 0.00 0.00
325 9.08 43.98 7.75 —0.99 2.13 65.40 3.65  —0.47 0.00 0.00 0.00 0.00
326 33.07 36.58 14.13 1.94 14.70 40.70 9.85 —1.58 0.00 0.00 0.00 0.00
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F3 3MMNERIEGES ML E TN IEIRXT L

Table 3 Comparison of evaluation indexes of three prediction models

FEE Y EEIE S W e W inee W inape R*
VS 0.075 9 0.010 1 2.176 1 0.996 1
PSO-SVR
F7v:= 0.081 7 0.010 3 2.271 6 0.996 0
M 0.133 6 0.040 7 3.312 0 0.987 2
SVR
MIUEEWES 0.158 2 0.063 0 3.498 3 0.975 6
I 25 4 0.198 4 0.092 3 4.445 1 0.964 2
GPR
3 4R 0.225 0 0.110 3 4.601 0 0.957 3
Il 48 0.195 6 0.064 0 5.449 5 0.975 8
ANFIS
)ik 4 0.212 3 0.079 5 5.535 7 0.968 0

& 6.4 3 A, PSO-SVR # R PE M #8 br 208 T SVR .GPRANFIS #5878 i 4 tf PSO-SVR 5
SVR ML W o 8070 T 48,46 %0 . W 2 T 83,6500, W o 9820 T 35.06 % . R* & T 2.09%, PSO-SVR,
SVR.GPR,ANFIS BRI, GPR R F i 8 4% of 85, 455780 X6 4 2 B0 IR AR A — a2 25K s ANFIS SR A 2% 20 4E
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Fig. 7 Comparison of prediction results between single parameter model and multi-parameter model
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Table 4 Comparison of evaluation indexes of single parameter and multi-parameter model

S8 B4R W Wonse W tnape R*
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5
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HHL 37
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I 7.3 4 nl v B BEAE 32 IRLE L FL UL L D R A 22 B 2 MR ) A RN 2 15 A R i A K 4 T2 A E A
KW e W e W e 19 25 2 BB 8 B AR LR JBE | F 3 L 20 230 S 57 1 B0 2 OB Y 435 s ) A2 0 /0 R AL 1 5 09



118 TR K FFHK % 14 K

Ko 3K 2 PRy 22 2 M T A 8 1 i A 2 T BV R A rp ) 20, 1 B R ERRAE L RE R M 3R A 1)
AR OGBS RO AR A A AR L B B I AR R A T RE R S . L, 2 5 BSR4 0T AR
FEAR YO0 T B2 OB R R A L 2 TR0 3R 3 9 H BHL P 22 2 SR8 R T A Y B B 2 ST A5 R A B ey A G R
TS 4z A

3) JOHE 3R B A5 R 5 FLE ARE R  LE

AR 22 20 (12) & T 2y 30 ik 18] 45 2 8 7B Kb TAE A BRIS REFE AL 2 DIP M 8 AR I 3R 5 B,

&5 PSO-SVR Z S HHERNEE 5B IS BTN ISR L
Table 5 Comparison of evaluation indexes between PSO-SVR multi-parameters

data driven model and theoretical model
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