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Research Progress and Outlook of Machine Learning in Slab Quality
Prediction

ZHANG Ligiang’, XIE Fei’, TAO Tao", ZHANG Chaojie
(a. School of Metallurgical Engineering; b. School of Computer Science & Technology, Anhui University of
Technology, Maanshan 243032, China)

Abstract: Slab quality prediction is the key link to optimize steel production process and improve product
performance. The traditional prediction model based on metallurgical mechanism mainly relies on physical laws and
empirical formulas, which is difficult to adapt to the complex nonlinear relationship in the highly automated
production environment, and has inherent limitations such as low prediction accuracy and weak generalization
ability. With the rapid development of machine learning technology, the single model has shown good performance
advantages in crack risk assessment, segregation prediction and other specific tasks through feature learning and
complex nonlinear fitting ability, but it still faces challenges such as high-dimensional data over fitting and
unbalanced sample categories. In order to overcome these limitations, the integrated learning model significantly
improves the accuracy and robustness of the prediction system through the collaborative optimization of multiple
weak learners, especially in the industrial scene dealing with strong coupling of process parameters and strong noise
interference. Therefore, the typical modeling methods of traditional quality prediction models were outlined, along
with their application limitations. The research progress of single model (e.g., neural network) and integrated models
(e.g., random forest) in slab quality prediction was reviewed. The advantages of integrated quality prediction model
in prediction accuracy and engineering application were analyzed. Based on these findings, the future development
direction of key technologies were explored, including dynamic modeling optimization, small sample reinforcement
learning, lightweight model deployment, interpretability improvement and whole process collaborative prediction are
discussed, which provides theoretical support and technical path for the construction of a new generation of slab
quality intelligent prediction system with high precision and strong adaptability.

Keywords: slab quality prediction; metallurgical mechanisms; machine learning; single model; neural network;

ensemble model; random forest; XGBoost
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Fig. 2 The slab quality prediction model based on BP neural network
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Fig. 5 Local quality prediction model based on just-in-time learning""
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Fig. 6 Slab quality prediction model based on IPSO-LSSVM"

22 ERMRETNEER

AR ST AL R — i 2o fil B 22> JE 2 o] S i T
S5 RO P RE R LR 2% > ik, A L — B AL R
AR SRR T BRI LA KU, IR AE R 2 T
b 375 AR T A TS BT A S A T 45
B, A A ) B2 A 7 U U R RS 4y T
FEHLARMR . 3T XGBoost S HoAh AR i Ji 12 FlmiAsE A
2.2.1 ETHEHFRHRERE RN

FEALAEMK (random forest, RF) J&—Fh L TP okt

AR 57 T T 1%, R 2 Tl 2 BRSO A B8 2
a, HASRIZER A e 7% 1% e SeiE i Bootstrap
HFEZ A FEASE, 142 H Bagging i R AT U4 £
PRZE AR DR (R AR (U FH AR AR AR FIRRAIE ) o
?ﬁ{)”JK"E’Il_ﬁﬁﬁiﬁﬁjii’Jﬁ%Afﬁﬂi%%%,
AL ARG AU A R S R

AT A 355k 3 o A A Eﬁ%ﬁ%%ﬁ?ﬂﬂ%
J3E B [+ P 2 3 SR TR RS R e



360 TR 2 4 (A RBLAR)

2025 4F

e —
Test set sample

(The best feature]

(The best feature)

Decixion tree 7|

Decixion tree 7

Decixion tree 7}

Training set S,

Training set S,

Training set S,

Vote for the mode

E7 BEHARMMELSE™

Fig. 7 Architecture of random forest network""”

BT it ML AR MK A0 5895 18 %, Varfolomeev %5
F & T M A Jo i TR0 B L AR AR AL, i &l 8 firzi: X
T B R P SRR B R AR 8 K, B A )2 2 3 i
(EIEATRICHE 4380, v 5 D R 2 T 45 55 X T
BEAL AR PR B4 B (A 254, 3 1 42 B 22 A SR A [ A it
UG Iy e T 5 5 . IS NGRS 5
M A PR 524 50 Y S Bl DR 2R, 0 65 T A 7R o 1) e £k oy
Tolb A, S 06 S H v B R A 4 [l T A R B
T 10%. R0, BEHLERARAE Jy 22 BR PR 4 Ak 1 42
BB, 15 A% e ELRE A K, (o L A DE P 5
A TR, P — AR, SRR AR 25 A K

ARSI A AL 12, FE TR (0 IR I 4K
PEHEIC 16 4EFFAE, I FH BENLAR AR AY 2L 2 2P
e 11 6 AN SESHARAE, fff FRAE 48 B I L 62.5%, 4
TR 5% HK, SR K (R E 2y
PG o 28 D) 4% 4 ¥, 38 e G WS 2 20 o B A I B4 R A
PEAT 2. oLk B AN TG 7 Uk AR B AT U 8
(R 22V J7 AR 2= A2 E (), 78 80 IR A (40 41
IEH 00 40 BIGNRLREAS) v HERT R IA ] 100%, K
B IR SRR B . AR T Varfolomeev 455 (1)
BE AL AR TR A8 TR ) b A 5 0 R RE AR R
Toll A P AR A TR

(a) RPN

(b) LA K

B8 E-T RN M 4B iR IR TR By

Fig. 8 Slab prediction model based on random forest network
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TER BE il 3 454, F) F XGBoost 5 Tl = F &
B PR IEI N FH B R AAL T 2 S 80 T 85 20 5 & 1)
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> AR P B PO R, SEEL T 87% A
FEAF RN ER 5, AN BEUEAS P S fE 2SR, i RE
R AT L SRR Ak R B S HE . AR,
XGBoost 157 1) 7 4: 5 i FE A T S 5 A iid
B, MR R EE S P& R RT,
TG T RCRAR S PR T AE R AR AR -

D1 - i1k (Bayesian optimization, BO) 54 1 &
—Fh ST DL # 9 ME R S i Oy ik, R Tk
TR AS R L A B A b =X 0 B A pR AL
EHTESEDE | Lt YT T
B R P AR e £ % XGBoost TN i #E H A AE
B, Ji 251 B BT BO 3L Y XGBoost 75 1:

e s Bl g 00 Ty, 8 43 AT AN [ AREAIE XoF e T
RS2, #2E BO fEAL Y XGBoost Filili#& 7Y, 3155 32
A SR A TS S, ANk 2 R A T
FEPRF PR M (gradient boosting decision tree, GBDT).,
H i& I $#2£ 7 (adaptive boosting, Adaboost), H i &
B RFE (adaptive synthetic sampling, ADASYN), &
AR R FEH AR (SMOTE) 4555 4%, XGBoost &
O S ) S P E . BO-XGBoos B Il ZRFERT A
FIF 88, {E 78 HE R R (0.756) UK i BE (0.718) 75 1
HE 24 A7 51 55 —, B 28 T [ 2 (area under the curve,
AUC) ik 0.811, 7EAb R ECHE A V-7 1 Je i sk e 300
S5 IR B IR Y 7328 RE ) o AT, BO-XGBoost
OB T BESA: (particle swarm optimization, PSO) 11
LB XGBoost 754 i £ #2249 2%, H.iz fLie
B, 2% B L RE A RO = A 0 B, R A A B
ARt AR R B A4,

%2 REERHOTAEER

Tab.2 Prediction performance indicators of different models

160]

H A Il 2 1} 7] /s AUCTH (HE)7) HEBA 2 (HETP) K o B2 (HE )
GBDT 1.632 0.680 (7) 0.652 (7) 0.656 (7)
Adaboost 0.434 0.657 (8) 0.644 (8) 0.621 (8)
XGBoost 0.546 0.764 (4) 0.715 (4) 0.694 (4)
ADASYN-XGBoost 0.783 0.745 (6) 0.701 (5) 0.649 (5)
SMOTE-XGBoost 0.791 0.749 (5) 0.700 (6) 0.644 (6)
BO-XGBoost 9.158 0.811 (1) 0.756 (1) 0.718 (1)
PSO-XGBoost 5.633 0.810 (3) 0.755 (2) 0.699 (2)
GA-XGBoost 10.474 0.811 (1) 0.752 (3) 0.696 (3)
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Fig. 10 Architecture of ANFIS model "
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Fig. 11 Prediction model of multi-scale convolutional recurrent neural network
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Tab.3 Performance indicators of different models™

e O PR s
PCA No-PCA PCA No-PCA
DNN 92.2 88.8 1.36 2.56 1.468
ELM 69.8 68.0 4.16 5.20 0.004
BP 73.2 69.4 1.76 3.44 1.053
DT — 84.8 — 2.96 4.762
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