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Prediction for blast furnace silicon content in hot metal based on
composite differential evolution algorithm and
extreme learning machine
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(School of Information Science and Engineering, Central South University, Changsha Hunan 410083, China)

Abstract: Considering the silicon content of the hot metal cannot be directly detected online, a prediction method
for silicon content in hot metal based on the optimized extreme learning machine (ELM) is proposed. The weights of
inputs and thresholds of hidden nodes in the extreme learning machine are optimized by a composite differential evolution
algorithm (CoDE) because of its ability of quickly locating the global optimum solution. With the optimized results, a
prediction method based on the composite differential evolution extreme learning machine (CoDE-ELM) is established.
The proposed method is verified by using the actual data on a 2650 m® blast furnace of a steel plant. The verification
results show that when the relative prediction error is confined to 0.1, the hit rate is 89%, the root mean square error of
prediction is 0.047, and the correlation coefficient of the sequence of the actual target value and the predicted target value
is 0.851. Through experiments, it can be seen that the prediction results of the established model are much better than
that of the support vector machine (SVM), feedforward neural network, extreme learning machine (ELM) and differential
evolution optimized extreme learning machine (DE-ELM). Moreover, the model provides important guiding significance
to the temperature control of the blast furnace.

Key words: silicon content in hot metal; prediction model; composite differential; extreme learning machine

1 5|5 (Introduction)

PR KRR 5 i 5 il AT TEAH G, B Bk
FRAE B ] DA ) AR A P R ) AR A Tl e
BRKIES R PN S RO R Ol BERE DL AR
BRUE MRS B2 — BT a2, L
VE B AR S 2K 1, SO A

WA H9: 2015—08—24; 53 H #: 2016—06—08.

T3{5 /5% . E-mail: jzh0903 @csu.edu.cn; Tel. +86 15874291486.
AILTHTIZE: Z/Dic.

SNy el i H LRI, SIS HEA b SR v P R KA
B MARRE S, I YERF b AR AT L KGR 4
A B e A BT (G A L A R R L
BT BRI i T U IR B A8 . N T
I LB FRAR I 2 VA AT E ALV ATTR. T
REBUAHCRE, R A AT A IR K ey,

FIZK ARBIAIEETRINH (61290325), FIZK ARBIAREEAIFHIIT TR AR AT H (61321003) % H).
Supported by Major Program of National Natural Science Foundation of China (61290325) and Foundation for Innovative Research Groups of Na-

tional Natural Science Foundation of China (61321003).



1090 ok oE e s N A

33 3%

S R v, (EAI 25 RAFAE BRI )5, 23
PO BT AS S I, AR T8 S B SE 45 A
T HW VLN 5E AN T 25K, =M, fAAER
KARZE, WIS ANHER; FET TR I 1)y P 2K e 25
TR AT 3P (O AR R R I T
AR R AN 2% SO, DA R A% 356 B R Sl ST kK Ak B i
(PP ABE R 2] G e 0 i O, $EOR T i
IS, R T R LR, (H B TR RN 2
I 2%, INEEE, S H LA TR A 0 TR 25 A
PR THEAERT LS S 1 e 2 S50 1 @) milf HLEE
M B AR T B Sl MR I R
L GBI, ) FH B PR A D) g A 7 2, 0 i S B ik
PR A, IO B ] BRAR SR, 7R LS
R TR 7 1T R SCIREOR. AR T S D g 2 1 i
ME e I AR 2 R, A AR HE Y FH T SE B )
SRR, G F MR BRI RE A T2 E (AR AT B 2 A
G UV ey ORBREE L FELE S RGlEL KUE S Bk
KAEE R A PE S SIS, SR
P 9K B0 1) AR N7 s R KR B I TR A Y, G 5
[ YA TR 4T | o 25 o 2 AR T DL i S R0 160 57
) AU 781l fge /s Sfeps R OV Lty )y 2
R BRI UON P e R EE A B %~ 2] WL (distance pertec-
tion extreme learning machine, DP-ELM) i %4 (1125
TR BEARTR S vy gk K 5 I TR A — e RO, (H2
AT AEAE Jey BRAE . L 1 ] U YR ASE Y ) i v 2 AR, AN
REIE Y. TV MR 2 s i P SR 4, fh2s I 26 il
DU SR M RO AR E, M LU S m A R AL
WAL ; DP-ELM 75 152 5 W 25 B 215 s AN,
TERIFEIAT IR v Bt ATL I B ) 8% 1R i AASUAEL A B
T A, I H A ME— R B U, T2 AP RE R L,
{RAZAR I 750 R 22 B 2710 s Bk i R e g,
B0 TR U i, SRS IS

T PN ARSI 15 4% 55 4, T RSN AE e B EAROK,
Pkl H RS T FE RS B, AT
e ) S I RO M TR B AL T 0 S 4. AR 2
P2 extreme learning machine, ELM)7E T ¢ &
HBE LR (R P 2 I H 1 PR bRt S L, AT 1A
Y SRS B TR AT R AP 455G . AR T %A
TR i AT 32 i A ASCAE R 58 21 s BRIEL, D] Ik, 1w v
T TR U B A B Ak S AR B A = itk
Hy: 141 (composite differential evolution algorithm,
CoDE )it e ] #2015 22 M1k 11 B2 A4 SR A 22 21 42
T2, ] DA e A7 4 s S A, AR GF R R AR T 8
PR 272 STHLAE KA 2 B A P AN A2 DRI, AR D3
BT — PR A ZE 0 SRR AR FR 2% S HL(CoDE-
ELM) )2k AR 75 1 PR IR . 1 4 00 L% 1 e i
ATHEEE 5 B H 28, DRI 00 7 S Wk /K 5 B T

A A N S 22 5 L R S vk, AU
5520y HEAL S SR B ELM (1 5 A AAE I B 2
AT B, XA T R R AESHC T B TR
R FE T A (10 v JE, Tf LR S 7 AT n 24 RS )
BT AR R Jo i, 5 P s A 2R ] Tk /KR 5 12 1) i
k. S 53 B 2 B, AR SC T E AR A B3R T BP-NN,
SVM, DP-ELM VA . DE-ELMA | H A5 45 4y i 5.
THARRE P iy LA AR e P s S0 A, o] Ay s B N
AL E RS A AR S
2 HUEPiAb B (Data preprocessing)
ASCEHE R T HANE 2650 m> &, EL T
201541 H 1% #120154E2 A 145 18 B8 EAT 7 Bt &b
L ERFESFE S, RAMTHEARAL . il e =l
PRPALA B e RS I A 7= B ), SRRSO A7 A 57
WAE. A SCIE Ik 30 HE DI S (E AR G AR B 5
ofH:

o= \/& V2)/(N - 1), )

> 3o, WZE A S8 s, o I AR AR g 7 FE
A, TUGER. R AFNZ 568 B B AT 0
LSS, T4 B e A A 1.

FE BB, K 5 M Bk AR e (0 AR A A A 7R iy
N, BRI A B S . oK TS = AR
L AR JERI & A0« BeEs RIEEIR) « B A
YRR 23 SR — Sl B IORE) LR R 5 11 IR
i RIS AT B VI G R, R T 184
FriAR &, 1t 2 5 N AR B IR R R, i
D [P NAR 1 s PR RORS FE. DRL Ik, A A
B 4 A 3k A B v R KRR S A AN SR ) A
ASCVT AT fp A8 i 55 oK ek 5 2 ) 1) B2 R
WMAHOC FR AL, g5 R WNR R, (19 U2, BARIE
SMEFRECS AR R A O RECA &, (AR S bR s
W, E ORI AR B AR AR
Wl 2 —. DR UL, 76 ARSI o LA R A Y B N &5
b, R OKEE S B WU R AR R
TR SRR SR ENRE  AXUE ) PASGE S MR
HOsA A AR AR N, LT HE W2 PR,
A RIS TR) A T B 1 BT, B T) 4K 2 800,
Bk R AE[0.3, 0.51MSE I N B 8). e, %18
BT 45y N AR BRSO 220K, WHE AR (KU 8l
TR RN % B S R, IR I, F AR I T ) A
AT A — A A3, sk S AR R i o A ] (1)
5Em. R BT DA AR 2 A 28 Skl 5
ik 5 R [P 0 B I AR &, FROR IEAH G i, ko
SEL R AR 5, RO SO DGR . I R gy
SIEHTIA—1k:

N
STV, = 0, — 5 e, TROE. HRV
1



8

I T T R 2y B S W PR ST LA e RO AR 5 R TR 1091

T; — minx;

. ) IE*H?‘%7
- max r; — min x;

Ti = max x; — ; @)
———, K.

max r; — minx;

A1 MAZZ sS4 A S
Table 1 Correlation coefficient between the input vari-
ables and silicon content

gy o gy ISITED
VEPSEES 4 IR
Ti 0.9 FHHAB)HE —0.285
S —0.38 WSS —0.285
Si(n — 1) 0.53 7R 0.099
LAYy —0.42 T R —0.083
FXGRE —0.308 (e 0.055
RN 0.21 SIS 0.03
SEFR R —0.33 FAE 0.181
S —0.38 TR —0.231
ARUET 0.14 AEZE 0.328

k2 BAGANLE
Table 2 The input variables of model

WA E BT ¥E 2
@ajjzﬁ jég% Wit 0.43 0.007
WA t 21.12 0.60
PR °C 1213.6 29.6
AN m®/min 612.05 1.02E06
SEFRRGHE m/s 271.61  20.45
HABIRE J/s 129.96  30.53
HRE S kPa 27.81 0.30

BN m3/min-kPa  17.27 0.35
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Fig. 1 Time series of blast furnace silicon content in hot metal
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Fig. 2 Structure of extreme learning machine network
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Fig. 3 Flow chart of the CoDE-ELM

5 BKESEMBRS RS 5P (Prediction
results and analysis of silicon content in hot
metal)
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Fig. 5 The prediction result of silicon content based on different modeling methods
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Fig. 6 The error comparison of silicon content prediction based
on different modeling methods
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Table 3 Comparison of prediction results of different
modeling methods

E{=Z HR RMSE CC
SVM 70 0.112 0.685
BP-NN 74 0.125 0.623
ELM 82 0.095 0.813
DP-ELM 82 0.072 0.773
DE-ELM 86 0.066 0.860
CoDE-ELM 89 0.047 0.851

b, (R AN EESE IR PR, AN R4 [ o F A
PR PR RE. AU, 75 25 A LU RHR, RMSELL & CC
SKVPA AR TP B, AR SO I CoDEAL AL Pl AR 77 1)
SR BT PR () i v 2, v A
BRI K.
6 451 (Conclusions)
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AT, A LR AT A4, IXT I B
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FAR A B, AT RS R TR R A TR )
S5O, ST i A .
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