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Intelligent control model of steelmaking using ferroalloy reduction and its application
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ABSTRACT The steel industry is a major energy consumer in China. As an effective measure for energy saving, cost and emission
reduction, and higher efficiency among enterprises, ferroalloy reduction has attracted increased attention in our work to reduce carbon
dioxide emissions and realize carbon neutrality. In the steelmaking process, the chemical composition of molten steel is required to meet
the target ratio to maintain certain metallurgical and mechanical properties. The chemical composition of molten steel is mainly adjusted
using ferroalloys. With the development of ferroalloy smelting technology, ferroalloys of various types are developed. These ferroalloys
show major gaps in cost performance and composition. Before ferroalloy addition, it is essential to determine an appropriate and cost-
effective type and its amount for cost-saving purposes. However, the traditional method of offering a manually determined amount
cannot meet the above requirement. Therefore, it is necessary to explore an intelligent ferroalloy addition method without human
intervention. Based on the K-means clustering algorithm, this paper studied ferroalloy loss in the basic oxygen furnace (BOF)
steelmaking process. The key factors affecting the alloy loss were analyzed and divided into three clusters to obtain a process model of
the lowest loss amount in the BOF steelmaking process. Using this model, an intelligent control system for alloy reduction was
developed. The system is based on the principal component analysis and backpropagation neural network and mixed-integer linear
programming. This system was implemented in a steelmaking plant, in which the accuracy and practicability of this model were verified
by running it online. This model helped improve the accuracy of alloyed steel composition and reduce the unnecessary cost and extra
composition, which are frequently seen in traditional calculations with a manual experience. The ferroalloy dosing scheme is also
optimized, and the alloying cost of steelmaking is reduced. The total cost of adding ferroalloys of various types is reduced by 5.95% to
14.74%, with an average reduction of 11.72%.

KEY WORDS steelmaking; ferroalloy; reduction; intelligent control; cost
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Fig.1 Cluster distribution map of process parameters in the 42CrMo converter steel discharge process (3 clusters) (a), silicomanganese consumption per

ton of steel (b), and medium carbon ferromanganese consumption per ton of steel (c)
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Table 1 3 Clustering proportion and the manganese yield in each cluster

Cluster Manganese yield/% Proportion /%
Cluster 1 88.46 23.57
Cluster2 86.56 20.71
Cluster3 87.11 55.71

H U0 T DL AE AN TR) ) AR5 1 T, G L2 4RI
1) FE S0 I AL B AN (R B, Bk & J0 3R AR A AE
I 22 5 A0 I AR RE AU L BB K B R S AN
T B s AR TS LB RN, b 2 Rk L,
AL B b AN R R RS e e, DL R
FEE X i R R A Ak, X T LF KRG 4
L2845 R [RIRE 9 7 120647 T 5%, b LF RS
T KB R0 i i A S804 38 LF BL—+f
MR FFELL I C i, FIRZ O ok oA AN Ay
TR S5 R T H sh Rl 538 K 28, e T3 & 4
N 1 AT DLAR 918 52 PR AN W A5 1R 18 B A R U0 AS %2
E LT R B — S A R R BRI A S A v
BURITR B, 0I5 A A e AR A 4R AL T AR AR

2 AEBENKE

HAThEE SIEREWN
iz FH Matlab R2020a Appdesigner FERF15 T4t T
B A R Re I R G AN B A n, BRI
BRARIE 2 Fis. A EE IR AIHEZRZ5 R QN T .
(DG &E B AR E.

iz FH Oracle 11g 8 #E 7 & 415 B

2.1

Kb, 2K

36 12 55 MY % 2, M T A iz A7 i A rp AT LS
FHACHE P A B 8880 T R BT S A e A
SO AR M 25 G AR, AR AR T 5
PCI By IR AL O3 L A2 0™ T S5
B bR P 55

(2) S A 2 1) i A5 i e A K

AR TR ] DL S B S N Y 2 B0 B Rod e
BERL S 5, MR G S S S & R (R
B LS A5 S, SR I TR AR 3 BT 1 B 5 7
A v 3 BB 22 P R T R O £ Al 5 BROAT A oA
I ARBOL I U A I AR S, fi e AR 0 Ao A
PATHRIET T 2R LIBCE & 205 R B

(3) B AL & & SRR VAN 5 0 2R B¢

PR HE T K SE RIS B Fe i B
A RS T 3 8023 53 A 125 14 BP 28 1) 45 A R 7
DA TEY , 45 TR 04 2R 7 RO 2 i o 0 Rl
28 o filt ORI 22 Jim A2 i 30 Wi A4 2% 39T 00 A6 2
S BUIAS RFY) [ o7 AT, AN o8 S IR SR 0

BB
()35 0 R0 BT 45 5 00 5 2 % 55
AHEHSEL.
AL T 7 S0 S0 10 R ST 4, 1R

AR S EMAFILE, Y5 A Z&FIH] intlinprog
PR RO B AT A IR B S B E M, B
A FARB R G AR, IR T s
4 e LA LF KR 0 & e 25d 1, 5 b s &
G AR AL AT — BB 5, S H Bs i —
Je e R g W ARG T A ol oA 4 S R R, AR
(B BEE AR UG A P S PR DL AT BEE . 78 LF SR
TR R R 5 e b 2R, R LF R RS
<51 T A 6 A 3 5 A R A AR (LR AT X L, A
FEA5 B3 SR M2 O 43 OB S58 B, 75 W3R (]
B b — 2 O AT BORHT 3 S OB AR, BLE
SrisbR oA Ik, — M LE RS #R T EAT 1~ 2 YChint.



-1692 - TRERHEZ, 5 43 8, 5 120
-
|
|
| Read heal No, match
| steel grade
|
i v
| - - -
Data input: interact with oracle :
| Dat lysis based on K-
| database through interface — ata ana ySéISusilsrein on f-means
. g
| software functions -]
BOF = |
|
| Obtain molten steel data, ferroalloy :
| composition, price and target y :
: composition information Steel gfiade- Xh(listorlcal I Ferroalloy
| production data %~ information
I Y I database
| Solving: The model (;alculates the :
| ferroalloy batching plan I
. Intelligently analyze the I
\ appropriate ferroalloy type J
Add ferroalloy according to selection according to the
-~ the calculation result input data
|
. v
| Obtain molten steel and
| ——| ferroalloy information, set
| model calculation parameters ]
| Production process parameters \
: + and corresponding alloy yield |
I Solving: the model I
I calculates the ferroalloy | . I
| batching plan Principal component | |
analysis |
J NO . | Intelligent call
LF : : 2 of ferroalloy
l Temperature measurement, The main component variables of L yield
: sampling e influencing factors of yie I
|
I BP neural |
: - network |
| Forecast results of _,I
| Whether the ingredients ferroalloy yield
| meet the standards
|
|
I Y'es
L. Output: Data feedback is output to
the background, and the database

is continuously improved
after processing

Y
End

B2 SRR
Fig.2 Model calculation flowchart

22 Fmigit

TEAL Y AT BB B AT, 7 23R BOY A bk
PR AR N B AR A IR B B & 1F B 5%,
X BE K i AR 2 3 i A b Oracle $4s 22 5 455 10 1 47
ZE A, A AEAR P S R S AR R, AR
R 220 i s OO oR e E R O H I T e
SEW A A TR IR, B 4 i A R R A AR AL 32
FRANE 3 s, BEAECE WoR 8 DU L
ST TEERASEE S, G8FEER. 64
PR BE BRI H | A 4 S SR I AL B | 9 Ak 5

A REE AT AE R
23 EEWHERFE

B AE P RE 10 T H R BE Al L, SR et M
T A SR R PSR AR A AR e R
YRS =00 K R, e b SRR R O B R R &
ORI RS SRS L s ol =0 1N S E R AN S 9IRS
4B B B S IR, 2 TSR 1 R A 7 2R
TR A < 0 ER R A AR AR E SR R N4
il 2% BROCER 5 /N T B AR ME R ORAE, M5
AR B AR B A B s .




FRET A AN G el A B A S 2 % HL 1

- 1693 -

BESHOR Imman SRR EEE

EAPAEEES s akEE HFEE 20210830 - | fEmiEE AalR | -
o SRR < i £=1- ] < ik C Mn St E s cr il B Al
R | 2021-10-06 - HE R (v S 00102650 632 6935 | 127 0.216 0018 0.008
SEES sfmES L EEs B B :
[ T e = ) i (192 7560 | 199 0.201] | 001 0.01 | 0007
€ [0.082] 81 0.61 | M 0.1 | Grf 0.08 | P{0.008 | B{0.0003 et 0.015 | 0.011 1605
ok 0 EEAy 0 iEEn 1322 ASLEEIFERES) =009 721 004 | D02 0.08
€ 5 Mn G s B T -
Higmmrc) | 1580 TSomSR{ppm) | 550 TR 0302 ST e ¢ 3 4 B B (172 16602/ (17.720 0.166) 0.035) 023 | 0.024
Imioss|{ 03] 65 | o0z| ooz ||0.015] 0.0008 [0.004 =iy (778 303 | '0.022 | 0.02B! 52,:;'! 0.462
SR SiEEE {EfE (0.45 18 | 004|002 | [5584] 001
WEE EE Mitt (S (EHE !
MnieEsEs) | 96 || 96 || 96 |CrikimaE() 96 | 86 || 96 yibip | SETES | RS |5.16 SR R 0.00 RS AR 0.018
RS koY) | 2 . SEBINER ARTENEEK)
= B 478 hEAEM 592 B 542 B (545
JitEER =
L . iz EEEtatr 575 |EEtate 998 M| 345 =% 1048
) SR EEESMN) B MREMC EEEon GRS Sg mEw  SRRHERERESRET
I Wik [] [ [ ] [ 0 0 [ 0 e |ME o thif i E
RN | 0 ] ] 0 ] o 0 0 ] Tl [} s
BREITT 0 mEERIRTE @ FAAE [ BraEs
2
SRR
CHECKTI  SAMPLENG | SAMPLESTATE |STEELNG CHECKTINE RECENETNE SENUTME GCLIENTRECENWETIME | SANFLESDURCE MACHNE WORKSHIFT CHECKER | SVE
B3 At AR A dIA I 12 i

Fig.3 Main interface of the intelligent control steelmaking ferroalloy reduction model
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Table 2 Comparison of the actual alloy yield and the forecast alloy yield

Number Actual alloy yield/% Forecast alloy yield/%  Error/%
1 94.40 95.89 1.48
2 95.68 95.65 -0.02
3 95.08 93.83 -1.24
4 95.82 95.05 —-0.76
5 95.88 95.96 0.08
6 95.66 96.28 0.62
7 96.51 95.23 -1.27
8 97.07 95.44 -1.62
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Table 3 Results of the industrial test
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Cg‘;gg;’l 5220 1641 0.92 86.52 198.4 — — — —

1 56.46 1585 0.77 86.60 198.4 167.5 30.9 11.68 \

2 50.48 1581 0.77 87.03 198.4 170.1 28.3 11.67 \

3 56.77 1589 0.78 89.31 198.4 175.2 232 14.24 v

4 53.37 1581 0.78 89.37 198.4 159.9 38.4 5.95 \

5 59.45 1531 0.91 89.65 198.4 160.5 379 9.27 \

6 45.97 1582 0.78 89.66 198.4 166.3 32.1 14.03 v

7 46.54 1571 0.76 89.80 198.4 161.8 36.6 9.82 \

8 47.62 1584 0.92 90.25 198.4 175.1 233 9.24 \

9 49.83 1583 0.92 90.26 198.4 168.4 30.0 14.74 v

10 50.84 1575 0.77 90.35 198.4 161.1 373 12.70 \

11 51.48 1582 0.78 90.58 198.4 170.8 27.6 11.46 \

12 55.76 1571 0.78 90.64 198.4 161.1 37.3 14.06 \

13 51.35 1569 0.8 91.10 198.4 166.5 31.8 13.52 \
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