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Abstract: The structure of the ladle directly affects the efficiency, quality, and economic aspects of the steelmaking
process. To further optimize the ladle structure design, the current study deeply explored the effectiveness of different
machine learning algorithms in predicting the remaining molten steel volume at the onset of the process of ladle slag
carry-over based on water modeling data. Predictive analysis was conducted to explorer the impact of bottom structural
variables of the ladle on the remaining molten steel volume during the process of ladle slag carry-over. Firstly, the
SMOGN technique was employed to preprocess the water modeling data through oversampling, aiming to balance the
data distribution and construct a feature set for residual steel volume, which included both training and testing datasets.
Based on this foundation, the predictive capabilities of five machine learning models, namely LASSO, SVR, Elastic-
Net, MLP, and XGBoost, for the residual steel volume were tested. The evaluation was carried out through three met-
rics: the coefficient of determination, mean squared error, and mean absolute error. The results revealed that the XG-
Boost model outperformed the others in predictive accuracy, establishing it as the preferred model for forecasting the re-
sidual steel volume. Finally, the XGBoost model was utilized to analyze the impact of bottom structural variables of the
ladle model on the residual steel volume. These variables included the diameter of nozzle, the height of nozzle, the
height of steps, and the distance between nozzle and steps. The results indicated that when the nozzle diameter ex-
ceeded $40 mm, there was a significant reduction in the residual steel volume. Reducing the height of nozzle and in-
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creasing the height of steps significantly decreased the residual steel volume in the ladle : when the nozzle height ex-
ceeded 26 mm, the residual volume surpassed 20 liters; whereas, when the step height exceeded 11 mm and the nozzle
height was below 11 mm, the residual volume was reduced to less than 10 liters. As the distance between nozzle and
steps increased, the residual steel volume initially decreased and then stabilized after the distance exceeded 100 mm. The
findings of this research provided significant reference for steel enterprises to optimize ladle structure and reduce molten

steel wastage, offering practical guidance for the industry.
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B RE A 7 T B D e 1 R
KR AN I 2 ), FEA =ik b, B Bk
BT WA, 2 U A TR i 2E I R e TR Y
T . R AL AR I B R B R 3 AR
T {E ] S A R AIG TN TR A R A T TR
o UL, B8 A0 i o B O R BUHS it 2 7
T T R R AR B O, Y
R RV B 4D AF 5 B0 0L I 1 O vk
1y PR 01 2 3 1o 4 BASE R R A Y T 3k
B, WLEER o M s i AR5 A ER R i e ST
DI ARARL S B0 Sk JE Al P iE HE R A 5 S B T 0 S AR
— 5, Yin S5 G g S K BERLESY T s ARk
B A2 17 2 506 IR T T8 B A 5 A1 4 5 1
Merder %5 T T AN [R] A A4 G 12 1058 5 A X 4N
£ N i FA% Sk AR A D AR SR AR Fe-Si &
SRR T 2R T B ARYE . BUE AU R H
A HLEE AR X 4y B o B 0 A A $8L 43 A 9 BF 58
PO BARTN il it is R AR 12k AR eE
FiG 4 W T RE S S50 R B WG 4 72 P )
TR B 1 B A Rk 2 B A i AR )
HEAT T, DA UE o 87 AR AR iR 42 i B2 o Duan 5511
3 o AR B ADL A3 AT 1 A P AR ) T BE A3 A LI
SRR DL R AR T R R R B R B e T T
A A, B R 2 ) A% S AR IR B )
SEE [T, 1 SR 9 7 20k 4 0 A 30 3 40 A v K
SEVET . Huang Z"7# ST T & AR Sh J12% e gk
Wy 8l 12 DL RS- e Z R ELARE I 25 A AR
KK 3h 12 (CFD) 3 AR T 899 1 37
3 R 3e 22 9 1) 32 3h 3, S BRI 2 i Y 25 BR L
B AL T A B AR AR R X B T
M OEAL AR T A N R T Ji 55 R H i
PILES) MRFEE (VOF) LS SR (DPM) B A
B AL T I AT B R T A B ES 5 R
TR TRRAE S5 1 T B0 4 N i 3 1 e = 40 25 ok i o
(AR A B , ok 20 4 T 4 K

HLAE 2 2 I — P 3k T 808 M ge T #  5ik
TR A 3 ) RO R AE RRL A F 0 g B

B XA R) A T G2 R RS DIRE .
SRR G ETT A L, BLAS o T BN R L v
i, AT LAAR RO 1 A2 2R Y e 2 E O R, A B
T ARAE A SC IR AR, DT K i AT A (Y
R R ITAEk, MLas 2 S HORTE Bk A 77 i A2
HAR B2 N R MR AR B L ) A
ZARAT 2 Zhang SFVHEST T A 4 4 FE
REM &R R 455 T Btk IR T ik 5
Shapley 73 17, FHIR & Cr fU#F Co, HFRFF T & &1
i Re S TR BT X ISR 37 IR R Y
7] &, Wentzien 5520 T W 0 46, $31 1 800
AN, TF AT T 0N TG R B A il R A AL A
FOJREAL, AR T A B . Zhou SFVTHE ST
T IET BP P2 0 2% A B il e TS
N R TR S

S5 5L SR W BRBLAY 7 12 FUB X4 i BL A 27
TR TRATRDS T804I 78 4 K X 30 105 1 v B 42
RS IR o 75, 8 e KRS Y S B DU 0 i
P, PRI ) T 00T B3R A 7K i B0HE 5 Bl x5
0 s HEAT R G A AL B, O LA O SRR PP AL T
T AL 25 27 ~J 455 35X 0 4% 7K = 104 T9000 5 g 5 3 o 0
L, 32 B3R 30 A A0 1) 1 PR 66 5 42 T (Extreme gradi-
ent boosting , XGBoost ) B Y | il 43 #7 T /K 1 EH 4%
K R s B LIS AR 5 B B R B B Sk 1
P 0 A5 08 1 X R A K i B S L 5 R f AL A A
> A TR I LA 0 e A A K B SR . SR K
BB 7 > 255 N 7 25, RO S i 1
Py PR R A s, HAZ BT 1 ORI s AR, 4%
B~ ~J 10 v RO AL 340 5 K ASE 480 552 6 7 552 P £
B, v LA SRR AN Wk A, S A B AL s Rl
L3 B B AR S 5 i 1) 75 2, X AL A% o7 20 AR AL 1 9
I 1 B R K ASE Y ) S92 56 445 2R E AT X L B IE , R R
PR READL A Ay B AT A BE HEn T R R R S B 45 SR Y
AR
1 okERTR

H1 T 7K 5 S R U Sh AR PR AR BL ELK 5 T W%
KA Lk F 58 4 A0 N B UL 3 A7 O 1Y T



- 138 - RN

Bt 1RSI 9E 22 B 45 T HAE L Rl o — b ity
DX AR TR, 25 38 o A T S 2 A 23 X i
SEA, DA B 2 5k K I R s, DG AT i R it

KA R b SR HE RO AR T RIPE S B, TR
IR B B BV %, TR 65 B T B 75 23 X
£33 W X S AR T RN AT R S A A
PEATRIFGY o LA N R0 ) 4K Ak S R, ) I 5
AOLBE IS T — D AHARL LA 105 0% 89 f0 4 BRAR
AL G 1R, Hp A B s EEE R A B 2
FIPRE , ARSI S B3R 1o A eI A A il R
SERE XK T AR K TR B AN A B
R BB 5K 0 BB SR SR TR . b AN
JEE B A5 v B Bk 5 B 2 A B e B e 5 B 1.2
2% 5 8 B 5K B K RGBS B 2 5
— 0] %) T L, O3 S ARG N R B 1
2SR B AR . BT UL RS SRR
T, AR T 00T 20 AT — R R 5050, LA
SRR 2

SRy B ABL AR A P S R T i PR G R HL S U AN i
HEA RN R SCEG R QR < R,
R VE A 400 mm =5 B A9 7K ;SR 5, #6 K I 7 55—
JZ IR A 20 mm W&l (B LA ) |, I i e
1 30 min, AR AR ALY PN I 3 B e RS s B
Je  ATH R BRI e A AL S5 v )2 T i 25 375
KT Gl HE ) BB AS B 5 I 5, A 2 i BT
R, SE 53103 AH T s i A K T % 5 ) - 90 a5 B
A P TR 4 K AT P 20 B a0 T AR R N R
KA,
2 HiETALIE

FET KBS, I T 69 M HEAR . X
SR R 5 T VA R AR K D E AR K
PR AR E L G 5K O 45
AR A GE 5 B R A a1 2 B .

o 47 %
804.04
k2 KA
R
e
[Ya) 9.\
=S [ s o 2
t"f?%'? 282.44
SRR
4
712.44 TR
REE BfY: mm

B KBRS R R

Fig. 1 Schematic diagram of water model structure
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Table 1 Parameters of water model structure
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Fig. 2 Statistical results and distribution of input variables :
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Table 3 The range of values for single variable studies
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