Journal of the Korean Institute of Industrial Engineers

Vol. 49, No. 2, pp. 167-175, April 2023.
ISSN 1225-0988 | EISSN 2234-6457

"m Check for updates

https://doi.org/10.7232/JKIIE.2023.49.2.167
© 2023 KIIE

Hot-Rolled Steel Plate Thickness Prediction and Bayesian
Optimization-Based Rolling Pattern Derivation

Kyungsoo Kim * Seoung Bum Kim

Department of Industrial and Management Engineering, Korea University

In the steel manufacturing process, the hot rolling process involves the thin rolling of materials at a high
temperature. Producing hot rolled products with the optimal thickness is one of the most important tasks to meet
the customers’ needs. To control the thickness, accurate measuring is essential. Because the thickness gauge is
located at the exit of the rolling mill, the head part of hot rolled products cannot be controlled after measurement.
Consequently, most thickness defects occur at the head part. In this study, we attempt to predict the thickness of
the head part before finishing rolling process by using various machine learning methods. Further, explainable
artificial intelligent methods are used to identify the factors that significantly affect to the thickness. Having
identified these significant factors, we use Bayesian optimization to discover the optimal rolling pattern in
finishing rolling process for the target thickness. It can be seen that the thickness deviation during rolling can be

reduced by 29.6% using the optimized rolling pattern.
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Figure 1. Hot Rolling Process Layout and Thickness Gauge Location
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Figure 2. Example of a Thickness Chart Measured from a Thickness Gauge
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Figure 3. Overall Process of Hot-rolled Steel Plate Thickness Prediction
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Figure 4. Overall Structure of Rolling Pattern Optimization to Reduce Thickness Defects

(surrogate model) & T4 3t 12 A 75 3| 4 gt} SHAPO /\-] E
AAFE AL RS TR S 4ol B 9 F =7}
A W= A g Wi 7l =rh o o}l‘:—tﬂ 0|
& AFEE Fhshapley value) -2 A 2] 5}ar o] ghol ufehA W&
71 EE AW E T U

> ‘S“(lF‘\ﬂl.Sl D

se 5910 (Isu{i))_fs’(“"s)] (1)

==

A M)A o, & A= #ol L SE FlA 54 HTE 7
W Aol Fe W 1A o Holth ARE ] g2 A1

W7 23hE o] Q)& v 9] gkt T H A oS 7 -9 ko] Aol
3 —Jé st g E 58S PO EAN AMET EX WE
o) & o o metx F B hef Aol = AA LG Mg
eSS HTYE ¢ 4 AT (Lundberg eral., 2017). SHAP €31
g2 thopsl EL%«] 3 XS Y3 A LinearSHAP, TreeSHAP,
DeepSHAPZ 22 WY g Fo] glon, & dFdAe
XGBoost®] 3148 $13] A TreeSHAPS A&-3 T}

SHAP ¢1815& 53l =28 WFE9 2718 94 ¥4
Qhell A WA st A A FA7F HH 9} frAbe A= ¢ HE e &
Z3t7] 9f8f WA g HA5tE S8t} <Figure 4>°l| A H)

o8 1 mTe 4 old FHUHE, 2¢O ZRY 4
Y 4 dol8Sol 1, lolE 2% vhTel ¢ A2 93
AL grEolh

BT BRE 3

Rd 2Este 1 B
Aol A o S 3

= ki3
5 FAZL 2ol & HA
5}3}“%}"141 A& o 2 AFAME A &
A YHs ==6}7] ¢ |01 A1 ¢E H A 5tE AFE-FlTh Hlo]
2)¢+ F 24§]rE SEl /‘15 oA E’_%_(surrogate mode) % 5 &
9 (acquisition function)©] AHE-5 1 A& T3t 2ok 3l W
AE ojn] 41 A& YUY s F&5te A BdE 54 3
T P& FAT ool FAHH thA BN 5A g
£ Uiz} st= @s 27 Al 95 RdS F8ato HA
SHE MRS I 3 et A ZEE YU o EF
Col AA S wEA o7 JPsiH A ZHRFE A} of
= 78 FETH(Frazier, 2018). o] A ¢k H 3= dukA o g
hyperparameterg 32 3}3t=t] A5 A 7F & AFo A 2§
H 948 MEEL hyperparametert FASHA 48 W4 Fhe

r g

WA Q7] Wil o] & MASHA 54 g5 HU g
3= & & <Figure 4>914 dlojH 1, 2& &83149
FAE d2ds 2dS 45 o] = 2d(predictive

model) S A3t &3 S Zdd g o= E o
olf 13 HAstd vlo|H 2& AHE-sh=t # 2 3kE vl 2
= 2do] o &g gho] Fxel 77HS] A F JAEF o
El 29 < 5 k7] 1 FH TH7HA roll gape S WA 3 4
oty A3t A &&= FATTE A (2)9 21 °]
EAE4E Hulglelr] JeiA WAt HAsE AS R
g 42 2do] § =3 g3l X AT 2o|7t H4stE 5

\_/



Hot-Rolled Steel Plate Thickness Prediction and Bayesian Optimization-Based Rolling Pattern Derivation

lgaps WAL o Z3t] BRE 3k T 9 ¥l
‘E‘l%g}?\i‘:} S FA L oAk A3 Wy

4 9] 2}o] H.2] 2] (BayesianOptimization) S A}
AR o thaf A 303] ¥HEFITH Roll gapd] W7
T 49 £10% ol ol A A H =5 A G

of o flo O %O

2)

Object function =—|Thickness predicted
by XGBoost- Thickness target|

Al AFE AYoz s H7h dolE AAd) d)
HH3E 2P & Qo Bl bolE F 27 A9 A
A A 7] BT} 10 0] 240 S(EA) 1,6507] F 100
N 2230 232 Ag3oh
4.7 3}

4.1 52 855 A3

o & nd o] %S Hrstr] 93 A EZE MAE(mean ab-
solute error), MAPE(mean absolute percentage error), MSE(mean
squared error), RMSE(root mean squared error), RZ(R squared
value)E& &3 th. <Table 1> 4= XGBoost, Random Forest,
MLP, Adaboost, Elastic Net= AH-8-3to] 57 & o Z53l= B
& S Astolth MY F& 45 RIS £33 93)
grid searchs Z&sto] 7 meo] 93t HH hyper-
parameters £Z 31 Bd H7LE 98 AE 2= e S5l

o[l 103 HHE 7} & Wy xEUAE A=A 23
A © & XGBoost7} 7} £& A58 YEH I, Random Forest
£2 H%S HYth <Figure 5> A& R*7} 0.9989 2 744
< %<& UEH XGBoostE E83to FAE oS3t A
3 Aol & 2z = YEti T o S gkt A 3t i}ol
o3 820] £10 ol Solhom o] 53} & AT =

% 2 T A FAG SARE AT 95T,

ol o 2 oy l-l'(
o

4.2 SHAP ¥4 4z}

XGBoost 2@l o3t SHAP summary &
6>3 2t 92 D Zo A 2+ M4

A3} <Figure

AR Ftol 2 E ¥

171

012

0.10

0.08

0.06

Density

0.04

002

0.00 i ' : . : -
-20 -10 0 10 20 30
Deviation(Real-Prediction)
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Table 1. Performance Evaluation of the Thickness Prediction Model

Model MAE MAPE MSE RMSE R’
Elastic Net 4.26692+0.02016 1.43876+0.00871 33.77782+0.43620 5.81174+0.03755 0.99855+0.00003
Adaboost 7.3173240.32428 2.87640£0.19458 96.94994+12.06426 9.82764+0.60606 0.99585+0.00054
MLP 5.28419+0.27805 1.64921+0.07832 55.61422+7.32862 7.44147+0.48861 0.99762+0.00032

Random Forest 3.54978+0.02657 1.16801+0.00890

26.07957+0.47135 5.10660+0.04624 0.99888+0.00003

XGBoost 3.60840+0.02668 1.19734£0.00995

25.46254£0.39019 5.04589+0.03866 0.99891+0.00002
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Sample No. Target I?eyiation of targe.t ?nd. D.ev.iation of targ.et .anq Improvement rate

prediction (before optimization) | prediction (after optimization) (%)
1 722.0 19.1 1.0 77.1
2 303.0 17.9 4.4 84.0
3 842.0 13.0 0.3 54.1
4 452.0 115 0.2 70.8
5 353.0 10.5 0.3 89.5
6 472.0 12.5 3.1 66.8
7 423.0 13.9 4.9 33.0
8 423.0 14.1 5.3 46.7
9 423.0 9.1 0.4 54.4
10 423.0 21.9 13.4 31.2
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Table 3. Optimization Result for 10 Sample with Worst Performance

Sample No. Target ]')e'viation of targe.t e.md. ]?eYiation of targc':t ‘and' Improvement rate

prediction (before optimization) | prediction (after optimization) (%)
91 254.0 1.4 0.8 4.4
92 552.0 0.5 0.1 32
93 143.0 6.5 6.2 2.8
94 197.0 25 2.1 3.0
95 253.0 7.1 6.8 2.7
96 160.0 4.1 3.9 1.5
97 173.0 53 5.2 1.1
98 453.0 0.1 0.0 1.2
99 453.0 0.0 0.1 -0.5
100 353.0 0.1 0.2 -1.1
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Figure 7. Optimization Direction According to the Shape of Thickness Defect

Sample Target Real

Thickness Deviation Shape of Thickness Defect

Roll Gap(After Optimization) - Roll Gap(Before Optimization)

1 722 698.59 -23.41 Less than target
2 303 291.39 -11.61 Less than target
3 842 865.52 23.52 Lager than target
4 452 435.96 -16.04 Less than target
5 353 341.63 -11.37 Less than target

70.47(Open)
27.77(Open)
-72.73(Close)
5.34(Open)
58.68(Open)

Figure 8. Thickness Defect Deviation and Optimization Direction

Table 4. Optimization Results for All Samples (100 samples)

Deviation of target and real | Deviation of target and prediction

(total) (before optimization)

Deviation of target and prediction
. Improvement rate (%)
(after optimization)

14.4 7.1

2.9 29.6
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