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Abstract: The strip cold rolling process is a critical component of iron and steel manufacturing, yet it is
often plagued by challenges such as flatness defects, thickness variations, and rolling mill vibrations,
which can significantly impact productivity and product quality. Machine learning (ML) has emerged as
a powerful tool to address these issues by analyzing vast amounts of process data to predict and mitig-
ate potential defects in real-time. By leveraging historical and real-time data, ML algorithms can identi-
fy complex patterns and correlations between operational parameters (such as roll force, roll gap, and
rolling speed) and key quality indicators like flatness and thickness uniformity. This enables the optim-
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ization of process parameters dynamically, ensuring consistent product quality while minimizing waste
and downtime. Furthermore, ML-driven predictive models facilitate proactive adjustments to the rolling
process, reducing the occurrence of defects and enhancing the overall efficiency. The integration of ML
not only improves the precision and reliability of the cold rolling process but also leads to substantial

cost savings and increased productivity.

Key words: Machine learning, cold rolling, flatness defects, thickness variations, rolling mill vibrations
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Fig.1 Schematic diagram of defects in tandem cold rolling
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Table 1 Research status of intelligent prediction and optimization in tandem cold rolling

Publications MF) de} ML method Applicable mill Data collection features Training Evaluatflon
application samples metric
Kernel partial least Entrance thickness, exit thickness, width, strip
Flatness square (I:)ombine d S-stand universal thickness, rolling force, rolling force tilting, work roll RMSE: 051
SUN, et al. . q . crown mills bending force, intermediate roll bending force, roll 1 553 groups o
(2020) " predictionand - with artificial (UCM) cold gap tilting, intermediate roll shifting, rolling speed,  of samples MAE: 0.34,
optimization  neural network . . . L oo ? MAPE: 0.09
(KPLS-ANN) mills strip tension, tension tilting, coil diameter, steel
grade, rolling mode
Rolling speed, the cumulative rolling strip length of
the work roll, strip deformation resistance, strip 2 0779
Rolling mill Five 6-high thickness at entry and exit point, total rolling force, 2259 group RMéE' 0’ 0269
LU, etal. vibration XGBoost tandem cold back tension and front tension, work roll initial of vibration - ’
(2020) ™ model . . MAE: 0.018 9
prediction rolling mills radius, work roll actual roughness, emulsion data samples iy ’
. . . . MAPE: 9.7
concentration, strip width, rraw thickness of hot strip,
total reduction, roll vibration acceleration
Chaos-Embedded
Fuzzy Particle
HU, et al. Roll gap Swgan . 11430 mm 3-stand Entry thickness, exit thickness, tension, 7000 groups 2.
0] Lo Optimization tandem cold . . R:0.994
(2020) prediction rolling speed, rolling force, roll gap, etc.. of samples

Optimized Support rolling mills
Vector Machine
(CF-PSO-SVM)
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Publications M.Ode.l ML method Applicable mill Data collection sources and features Training Evalua.tlon
and years application samples metric
Chaos-Embedded
Fuzzy Particle
Swarm The strip thickness before rolling, the strip
SONG, et al. Bending Force Optimization 1 700 mm 3-stand thickness after rolling, the rolled strip width, the 16 .OOO group 2,
tandem cold of industrial ~ R™: 0.993
(2021) *" prediction Optimized rolling mills rolling speed, rolling force, shifting of data samples o
Support Vector £ intermediate roll , etc. P
Machine
(CF-PSO-SVM)
The strip thickness before rolling, strip thickness
. after rolling, rolled strip width, rolling speed,
WANG, etal.  Flatness ConV(l)lutlonalk Tandem cold forward slip, tension between stands, rolling 23000 R 0955 5
(2021)*? prediction ng;\;; networ rolling mills force, shifting of intermediate roll, bending force gfroups ) e
( ) of work roll, bending force of intermediate roll, Ol samples
flatness before rolling, flatness after final rolling
Genetic Algorithm 1 720 mm 5-stand
CHEN, ctal. Rolling Force Optimized universal crown Yield strength, strip width, entry thickness, exit 3500 groups
El P . 1 1 1 , . 5 .
(2022)™ Preset Model Backpropagation ~ mills (UCM) thickness, exit speed, unit back tension, unit of samples 98.76%
Neural Network tandem cold forward tension, working roll radius P
(GA-BP) rolling mills
Radial basis
function neural
network basedon . . . Rolling force, rolling speed, strip width, etc.
HUANG, et  Thickness  variational 2:(;::5}21? gh selected as input parameters, and the strip 16“?308 R*:0.996 1,
al. (2022)*  prediction  Bayesian Gaussian . thickness after finish rolling as output group RMSE: 0.505 3
mills of samples
mixture clustering parameters P
algorithm (VBGM-
RBF)
CHEN. etal. Rolling force %ﬁjﬁ}z:ﬁiﬁhm 2030 mm 5-stand  Entry thickness, exit thickness, strip width, unit 700 erouns
202 2’) s e digc fion extreme learnin strip tandem cold  back tension, unit forward tension, rolling force, of sa%n 155
p machine (FELN% rolling mills rolling speed, roll diameter, rolling length P
Mayfly algorithm 1850 mm S-stand Entry thickness, exit thickness, strip width, unit
CHEN, etal. Rolling force ~(MA)-Support ) back tension, unit forward tension, rolling force, 800 groups R’ 0.979 3,
strip tandem cold
(2022) 9 prediction  Vector Machine rollli)n mills rolling speed, roll diameter, rolling length, raw ~ of samples RMSE: 245.76
(SVM) J roughness of rolling mill
BP-MOPSO. multi- The strip thickness before rolling, strip thickness
obicctive ar’ticle 1720 mm 5-stand after rolling, rolled strip width, rolling speed,
) p . tension between stands, rolling force,
YUAN, et al. Flatness swarm 6-roller strip . . . . 5000 groups 2,
27 . L . , :0.
intermediate roll shifting, work roll bending R 0.943
(2022) prediction optimization universal crown . . . of samples
algorithm mills (UCM) force, intermediate roll bending force, work roll
(MOPSO) wear, types of strip steel, fatness coefcient of the
previous moment, entry crown, entry wedge
The strip thickness before rolling, strip thickness
after rolling, rolled strip width, rolling speed, R 0815
1450 mm S-stand  tension between stands, rolling force P
’ > RMSE: 0.666,
DING, etgf L Flat.ne.s s CatBoost model strip tandem cold  intermediate roll shifting, work roll bending 1 225 groups .
28]
(2022) prediction i . ) . . of samples MAE: 0.436,
rolling mills force, intermediate roll bending force, work roll MAPE: 12.257
wear, types of strip steel, fatness coefcient of the T
previous moment
Entrance thickness, exit thickness, strip width,
. ) yield strength of steel grade, rolling speed, R:0.971
CHEN. et al Flatness ;Aﬁ;?il:&Long 1360 mm 4 stand ~ forward tension, backward tension, rolling force, 68 382 RMéE'l ’209
o - - 6-high cold work roll bending force, shifting value of groups POV
29 ’ MAE: 0.825,
(2023) prediction memory (LSTM) rolling mills intermediate roll, tilting value of work roll tilt, of samples .
model . MSE: 1.145 4
23 flatness data points of shape meter
measurement points
Steel grade, temperature at exit of finish rolling,
artificial neural temperature at entry of coiler, thickness at exit of
Flatness network algorithm 1470 mm 5 stand ~ finish rolling, crown of strip, wedge of strip, 79181 R 0.929
ZHAO, etal.  prediction optimized by an  6-high cold width of strip, entry thickness, exit thickness of ouns RMSE‘I ’477
(2023) & and artificial bee rolling mills SCR, bending force of work roll, bending force ng s;l; s MAE: 1‘ 2‘1 8 ’
optimization  colony algorithm  (UCM) of intermediate roll, shifting value of P o

(ABC-ANN)

intermediate roll, rolling speed, tension from
entry to exit of SCR, roll gap tilting, roll size
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Publications M.Ode.l ML method Applicable mill Data collection features Training Evalua.tlon
application samples metric
Back propagation Entrance thickness, exit thickness, relative
. neural network 1 420 mm S-stand . . . . 1869 groups
Deformation .. . . reduction rate, cumulative reduction rate, rolling
ZHAQO, et al. . optimized by the ~ 6-high strip . . . of hot and 059
B resistance . . . speed, finish rolling temperature, coiling . 0
(2023) .. mind evolutionary cold rolling . . . cold rolling
prediction . . temperature, hot rolling finished thickness,
algorithm (MEA-  mills . . . samples
BP) deformation resistance analytical model
Improved
Quantum Genetic . . . .
Algorithm- Roll gap setting value, strip material, rolling
YAN, ctal. Rolling force  Optimized 1450 mm 5- stand  speed, workmg'roll d1amet.er, Worklng roll 1 500 groups
(2] e tandem cold crown, entry thickness, exit thickness, >93.75%
(2023) prediction Wavelet Neural . . . . . . of samples
Network (IQGA- rolling mills intermediate roll crown, and intermediate roll
WNN) ensemble diameter
learning
XIA,etal. Rolling force, Artificial Neural 5 stand tandem f\f::tlzi;ﬁ?;us, rlescst;?: Z;)leif};:;e‘j:iorzguc;(;n, 140 groups ~949,
2023)®  power and slip Network (ANN cold rolling mills 8 ep s ¥ of samples
& tension
Hybrid fruit fly
optimization Entrance thickness, exit thickness, rolled strip
SONG, et al. Bending force algorithm (FOA)- 5 stand tandem width, rolling force, shifting value of 2000 groups R:0.97
(2023) Y prediction generalized cold rolling mills  intermediate roll, target strip shape, actual strip ~ of samples v
regression neural shape
network (GRNN)
Differential
Evolution
LI etal. Thickness Opt?mlzgd 1 420 mm cold Stgel grade', material parameters (e.g., hot-rolled
(397 . Bidirectional Long ) . finished thickness), and process parameters (e.g., 98.3 %
(2024) prediction rolling mills o
Short-Term coiling temperature)
Memory Network
(DE-BiLSTM)
5-stand universal  Strip entry thickness, strip exit thickness, work
p entry p
HAN, et al. Profile . crown mill V.Vlt.h roll. diameter, s'trlp width, strip deff)rmatlon 85 groups
(2024 B prediction PSO-BP algorithm work roll shifting  resistance, rolling force, front tension, back of samples
(UCMW) tandem tension, friction coefficient, WRB, IMRB, WRS,
cold rolling mills  IMRS
Rolling length of work roll, raw thickness of hot
strip, entry and exit thicknesses, rolling speed,
Variable speed Long short-term entry and exit velocities, deformation resistance 10 000
GAo, eﬁ%l' rolling force  memory (LSTM) - stand j[ander.n of strip, front and back tensions, actual position ~ groups R:0.9935
(2024) o cold rolling mills
prediction network of roll gap, roll gap change rate, motor torque, of samples
power of internal plastic deformation, shear and
tension, strip width, lubrication flow rate
Strip set thickness, strip width, rolling speed,
rolling force, work roll bending force,
intermediate roll bending force, roll tilting,
. . intermediate roll shifting, tension, theoretical 2
? ’ R:0.8867,
DING, et al. Flatness eXplalpable > stand uplversal tension deviation, measured strip thickness, .
(2024) ¥ prediction Artificial crown mills measured strip speed, coil diameter, square RMSE:0.912,
i i § ? MAE:0.573 7
Intelligence (XAT) - (UCM) mills coefficient of the flatness target curve, quadratic
Coefficient of the flatness target curve, manual
adjusting, automatic adjusting , theoretical rolling
force deviation
Strip thickness, strip width, rolling speed, rolling
force, work roll bending force, intermediate roll
bending force, roll gap tilting value, intermediate
D roll shifting value, strip tension, tension
eep : g : 2,
. 1450 mm 5-stand  difference, coil diameter, measured strip R*:0.863 8,
WANG, ?}9?1' FlaFne'ss convolutional tandem cold thickness, measured strip speed, coefficient of 1528 groups RMSE:0.846 9,
e predtr ?S‘gi}]\?e)tWOYkS rolling mills the square term of the flatness target curve, of samples  \1Ag: 0,274
s

coefficient of the quadratic term of the flatness
target curve, manual adjusting , automatic
adjusting rolling force difference between OS
and DS
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Publications M.Ode.l ML method Applicable mill Data collection features Training Evalua.tlon
application samples metric
g;i?g:fuve Levy Tension between stands, strip thickness, rolling
& . speed between stands, rolling force between stands, 2.
Algorithm- 5-stand tandem X R:0.9584,
YANG, et al. Flatness Optimized Logistic cold rollin actual roll gap length between stands, bending force 10 401 I0UpSy 1o 1 923 0
(2024) 1“9 prediction Rg ression 3 mills £ of work roll, bending force of intermediate roll, of samples AE- 0 479 7’
(EiLB-LR) speed after final rolling, tension after final rolling, o
ensemble model rolling length, flatness after final rolling o000
Strip entrance speed, back tension, front tension, rou
CHEN, etal.  Vibration Multi-level fagl;::injoii a raw thickness of cold strip, strip entrance ogf in(fustrial R 0.925,
(2024) " prediction network fusion rolling mill thickness, strip exit thickness, rolling speed, online data RMSE: 0.001 1
€ rolling force, roll gap value samples
CHEN. etal.  Thickness Radial basis 5-stand tandem  Apply a random control signal sequence to the 5000
(2025) prediction function neural cold rolling system in sequence based on the roll gap and samples

network (RBF) mills

speed, and record the output outlet thickness
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