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End-point parameter prediction for electric arc furnace based on
grey Markov-support-vector-machines
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(1. School of Electrical Engineering and Information, Anhui University of Technology, Maanshan Anhui 243002, China;
2. Medium and heavy plate factory of Jigang Group Co.Ltd, Jinan Shandong 250101, China)

Abstract: Because the end-point parameters of an electric arc furnace(EAF) are affected by both quantitative fac-
tors and non-quantitative factors, we combine the grey Markov model with support-vector-machines(SVM) to produce a
grey Markov-SVM prediction model for estimating the end-point parameter values of an EAF. The effects from the non-
quantitative factors on the prediction values of end-point parameters are reflected by the grey Markov model; while the
effects from the quantitative inputs are reflected by the SVM. The GM(1,1) model that reflects non-quantitative factors is
established firstly, and then, its prediction values are revised by the Markov chain. Because the effect from the quantitative
inputs can not be reflected by the greyMarkov model, the grey Markov-model is certainly not free from prediction errors
from the quantitative inputs. These prediction errors are compensated by the SVM model with parameters optimized by
particle swarm optimization(PSO) algorithm. The final prediction values of the end-point parameters in EAF are thus ob-
tained. Meanwhile, the rolling forecasting is realized. Experiments show that the grey Markov-SVM model has the best
prediction precision in comparison with the grey SVM model or the Markov-SVM model.

Key words: end-point prediction; grey Markov model; support-vector-machines; particle swarm optimization; electric
arc furnace
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BRA S R4 BB M TR KT R RGN, 20044,
B 5 b 240 IO 4% AR B2 3 T 4R 100 H, BIA £ iR E,
Bk W B 200645, 3752 H Grey-SVMP! i HL 3K
W2 R PRI 5T 200748, X4 Gz H Gt v B G A
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20074F, e 5L TR & st A& FE i Tl 48 1
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4R B 95 Bk S 22, AR R 4R AR BB BOR B A
T, AXHGML DRI FF & & B 2K, KB AN &
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2 EWEAFZ 525 B £ (The effect fac-
tors of end-point parameters of EAF)
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3 HIP A QS AR A (End-point pa-

rameters prediction model of EAF)

31 & & B R K KB BGM(®1,1)(The
GM(1,1) model with non-quantitative factors)
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32 ERBERRMKEG DR KRB (The grey

Markov model with non-quantitative factors)
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KB TR ZEAE A R TE AR, RBAEE &
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A1 3FPEER 69 FIRA A

Table 1 Prediction precision of three models
RMSE GM(1,1) Markov greyMarkov
R 14.4458  1.5499 1.4306
Rc 0.1097 0.0119 0.0103
Rp 0.0042 0.0004 0.0003

3.3 & &K &M PSO-SVM [ fhi 25 # #(The
PSO-SVM modelling with quantitative factors)
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332 M TFBHELRAAZF R EHLS H(Parame-
ters optimization of SVM based on particle
swarm optimization algorithm)

BORL T RERA U N, 800 T7E 2 4E 25 A1 1Y

AR AL E R X, BT R BE AV, T B R T
FEAAL B R BT R )8
Vi(t+ 1) = wVi(t) + cirand; () (Pipest (t) —
Xi(t)) + corandy(t) x
(Pypest (t) — Xy (1)), (20)
Xi(t+1) = X;(t) + Vi(t + 1). (1)
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3.3.3 PSO-SVM{ = 8 B ¥ 2 B (The modelling
procedures of PSO-SVM)
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BB 6 KIHEEHRT [y, o] WHEHEARX. I
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B, B PR N Bk AL EAE AR
AL B st pos-

B8 KR T A S RS E RN AR esoni
5 R T B A B TS AR g esene ELER, P
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Gbestpos-

SB9 HIBEA K Hiter 2 75 i 2 B RKIEIK
BT ax » B0 2, WG, HORAF ML FRRL 7 3
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SVMAE R, FR MR AE A X, H1 ALS-SVM, 18 2| il
MHEY 0. Vi B A SN2 SR B, Bk B W22
P

SB 11 iR, Bl & SS 5
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4 i E#FF (Simulation)

MEEGN 70 cHB I IR 3% % 4 B 3% 290 A 7=
B, A SCIR ) 7 iR S TR BT, BURT 60
B FAE 2 57 H5IU) greyMarkov-S VMIASE Y fRIFE AR,
Ja304 AR A AE TRE AL 3. A T 38 = TR A%
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P AU R TR, SR 282 38 1 (9 B, R B
5 61U 1 S B 504 0 B A T g A B B X
FO2H R H TR, K 2R HE, 58 UL R3007 (1) T HR.
BRI I DR UE T ek A2 1) P B 3 b 2 ST B A, L OE OBk
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4.1 SER TR 45 3 (The prediction result of experi-
ment)

3 5% H K 8 GM(1,1)-SVM # # | Markov-
SVM#E Y FlgreyMarkov-S VMAEE Y if B UK 26 KR
BE, B B A R T IR, TR 45 R 1R,

1580 F
1560 |-
1540

KR / C

0.030

0025 &
0.020F
0.015k

0 5 10

TN HL /(%) BRI SR 5L/ (%)

e

& Sl —+ grey LSSVMPLHI{E % Markov LSSVMTiiil{ -©- greyMarkov LSSVM il i
1 EIUP A S S HOIR A R

Fig. 1 Prediction result of end-point parameters of EAF

4.2 X T 45 B 43 M1 (The contrast of prediction
result analysis)
#3577 1R ZE(RMSE)E 4 000 14 BE 48 b, 43
5 o B K EBBGM(1,1)-S VMR B | Markov-SVMIE
i greyMarkov—SVM*ﬁiEl’Jﬂf*Eﬁ% W TR
WREFE|At| < 5°C, |Ac| < 0.035%, |Ap| <
0. 001%51‘ 78 UL _E Y B o 500 4 ep, R AT SR
iy o 2R, 2 K EAGM(1,1)-SVMARE B | Markov-

SVM#EE B | areyMarkov-SVMAR & (1] T % X B Lt
B R RINX3MITiEM b RILRS R
Hr. Ho« Hp o RIRnEE, ik S BN &,

XTHE 2 3P ) TR A FE Al 28, AT LA
HHE W 1) GMA,1)-SVMAE R (35 2 75 B #x
wr, AR B AR, 3R B AR SCHE Y W greyMarkov-
SVMAR B i T 1 g B SO0 T 7 5 4 A AR AL
2) greyMarkov-SVMARE RS E FMINNE FZ_E EEMarkov-
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SVMA A A 3k — B e i, RHIRAGMA, DAY
FRI TR fth LA O Bh A FEHELL, Kl 73 e 4k DX TA) SR
SEB T RABMEE i S HEaEL, W
ALK 8] SRS H B HE M. 3) 5B ITIELL
52, greyMarkov-SVMAE R B A5 5 4 i 28 sl TR
FEAN Bz e R iy P R

K2 AR 6 TRIRAT B LR
Table 2 Prediction precision comparison of
three models

RMSE GM(1,1)-SVM Markov-SVM greyMarkov-SVM

R 26.176 2.985 1.9303
Rc 0.2245 0.018749 0.014843
Rp 0.0074811 0.00060803 0.00058521

B3OSR b R

Table 3 Hit rate comparison of three models (%)

fir® GM(1,1)-SVM Markov-SVM greyMarkov-SVM

Hr 3 90 97
He 13 93 97
Hp 17 90 93

5 4 (Conclusion)

A SCHEH B greyMarkov-S VMR B[R] i) % & T
ERFZMEEZENZNLSASHNZ N, %58
3k & W & W, £ TGM(, DI R R 1 fiMarkov
TR AL X 18] SOR SR HRE, UK H grey
Markovi Y 75 2% [& & &2 R & i, SR -HSVM
ERE PSOF L HAT RS H S, B A Rt
e T IERAE L.

i B 525 R B, A ) greyMarkov-S VM £
P O s 228 37 vy T B — AR ] B P 2 B B,
AR = B THRORS BE, h F O 2 s S 5 R
TRREEAE T R 5L A E R LA,
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