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Abstract: In the rough rolling production process of strip steel, the width change is affected by
the coupling of multiple factors. Accurate prediction of the width expansion is of great significance
for improving the yield rate and product quality. This paper proposes a strip rough rolling width
prediction model that integrates the mechanism model and the data-driven method. First, the width
expansion mechanism model is established based on the Shibahara equation. After linearization by
Taylor expansion, the least squares method and linear support vector regression algorithm are used to
estimate the main mechanism parameters. Second, the extreme gradient boosting learning mechanism
is introduced to correct the deviation after model parameter identification, thereby improving the
robustness and accuracy of the prediction. Finally, the parameter convergence of the proposed method
is verified in the simulation. The result shows that the proposed method is superior to the traditional
modeling method in terms of prediction accuracy and convergence speed. This study provides a high-
precision modeling idea for rolling width control that integrates physical constraints and data learning.
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1. Introduction

With the continuous development of intelligent and high-end manufacturing, the steel industry,
as an important representative of process industry, is gradually evolving its production control level
towards digitalization and model-driven, intelligent prediction. As one of the key links in the hot rolling
process, the width control problem in the rough rolling process of strip steel has long been of concern to
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the industry [1-3]. Width deviation not only directly affects the size matching of downstream finishing
and shearing processes, but may also cause product scrapping, energy waste, and equipment damage
in extreme cases. Inaccurate width prediction may lead to mismatched shearing dimensions, resulting
in reduced yield and material waste. In severe cases, insufficient or excessive rolling compensation
may cause equipment damage. Therefore, accurately predicting the width change trend in the rough
rolling stage is of great significance for improving the yield rate, ensuring product quality and realizing
closed-loop control [4-6].

The widening behavior of strip steel is a typical multi-factor coupling and strongly nonlinear
dynamic response process. Its changes are affected by complex factors such as the thermal
deformation characteristics of the material, the structural configuration of the rolling equipment, the
rolling parameters (such as the amount of reduction, the roll gap size, the rolling rhythm), and the
edge stress field distribution [7, 8]. In actual production, these factors often work together in a highly
coupled and time-varying uncertain manner, making the prediction of widening face great challenges.
In recent years, the width prediction model has been gradually applied in hot rolling systems,
especially in the roughing mills of major steel companies. In order to characterize the widening law
during the rough rolling of strip steel, researchers have proposed many empirical equation models
based on physical mechanisms. Then, the Shibahara equation has become one of the most widely
used width prediction models in engineering practice due to its good physical interpretation and wide
industrial applicability [9]. By introducing the concepts of “natural widening” and “dog bone
widening”, the model systematically analyzes the main factors affecting the widening, and constructs
a clearly structured calculation expression, which can reflect the deformation characteristics during
the rough rolling process to a certain extent. The advantages of this type of method are clear physical
interpretation and good generalization ability, especially when the parameters are controllable and the
working conditions are stable. However, its structure is usually complex, the parameters are highly
coupled, and it relies on a lot of prior knowledge and experimental data for parameter adjustment.
Once faced with realistic factors such as changes in material properties, equipment wear, or
fluctuations in process rhythm, the predictive performance of static models will drop rapidly, and
there is a lack of an online adaptive update mechanism [10, 11].

Unlike the modeling method based on physical mechanism, the pure data-driven method does not
rely on any explicit physical model in strip width prediction, but directly learns the mapping
relationship between input (such as inlet width, thickness, rolling force, and rolling temperature) and
output (width expansion) based on historical rolling data. Commonly used machine learning
algorithms include multi-layer perceptron (MLP) [12], deep stochastic configuration neural network
(DeepSCN) [13], support vector machine (SVM) [14], random forest (RF) [15], gradient boosting
decision tree (GBDT) [16], and extreme gradient boosting (XGBoost) [17]. These methods have good
modeling capabilities when dealing with high-dimensional and strongly nonlinear problems. Neural
network models represented by MLP can automatically extract deep features and adapt to complex
process conditions. SVM has good generalization ability in small sample modeling, and ensemble
learning methods such as XGBoost effectively improve prediction accuracy and stability by
integrating multiple weak classifiers [18, 19]. These methods usually have high modeling efficiency,
are easy to implement, and have achieved certain results in industrial data scenarios.

Pure data-driven methods also have obvious limitations when applied to strip width prediction.
First, due to the lack of physical mechanism constraints, such methods have a strong dependence on

AIMS Mathematics Volume 10, Issue 11, 27058-27072.



27060

the distribution of training data, and it is difficult to guarantee the generalization performance of the
model under unseen working conditions or extreme disturbances. Especially when production
conditions migrate, the model is prone to mismatch, resulting in prediction bias or anomalies. Second,
the black box nature limits its interpretability, and the decision-making mechanism within the model
is often difficult to analyze, resulting in operators being unable to accurately trace the causes when
faced with prediction anomalies, thereby affecting diagnostic efficiency or misleading adjustment
operations, reducing the model’s availability and reliability. In addition, some deep models have high
data requirements, and the training process relies on a large number of samples and computing
resources, which still faces challenges in actual deployment [20,21]. Although these algorithms have
shown strong flexibility and modeling capabilities in complex system modeling, the models are highly
dependent on the distribution of training data and are difficult to maintain generalization performance
under unseen working conditions. In addition, such models generally have the problem of poor
interpretability. Therefore, in recent years, modeling strategies that integrate physical mechanisms
with data learning have become a research hotspot, which can improve prediction accuracy while
ensuring model reliability [22, 23]. However, existing hybrid modeling methods mostly focus on
static combination, lack a layer-by-layer residual decomposition mechanism, and have unstable
performance in strong nonlinear scenarios.

Based on the above research, this paper proposes a width prediction modeling method that integrates
mechanism and data, aiming to take into account the interpretability of physical models and the high
precision advantages of data models. The main research contributions of this paper are as follows:

e A hybrid modeling framework that integrates physical mechanism models and machine learning
algorithms is proposed to realize the system modeling path from structural modeling to residual
correction.

e The joint mechanism of the least squares (LS) method, support vector regression (SVR), and
XGBoost is used to compensate for the nonlinear errors at different levels in the model in stages,
thereby improving the overall prediction accuracy.

e In simulation and comparative experiments, it is verified that the proposed method is superior to
traditional modeling methods in terms of parameter convergence speed, reflecting good
engineering adaptability and promotion potential.

2. Mechanism model selection

During the rough rolling process of strip steel, the width of the strip steel will change significantly
due to the effects of material plastic deformation, rolling force distribution, roller structure, and edge
bulge. The widening effect is reflected in both the natural widening caused by the overall deformation
and the “dog bone” shaped local widening formed by the accumulation of materials on both sides.
The Shibahara equation is an empirical model summarized based on the above phenomenon, which
was proposed by Japanese scholars in the 1980s. It is widely used in hot rolling systems because of
its clear structure and physical parameters. It has been adopted by many steel mills and embedded in
actual control systems. It decomposes the widening amount into two parts: natural widening and dog
bone widening. It can more accurately reflect the physical laws of the rough rolling process [9], and
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its main calculation equation is as follows:

dy
Aw, = w, [(f?) _ 1], (1)

A,
AWf:Zs'de' 1+Ww], (2)
We dz-q He daq
d. = exp [dl a*(7) (R—h) ] Q)

de 2 H 23 Re 24 W Z5
w=eole i) (&) () () | ®

where Awy is the natural width (mm), w, is the entrance width value (mm), H, is the strip thickness
before pressure measurement (mm), H, is the strip thickness after horizontal rolling (mm), d; is the
coefficient of thickness variation and edge bulge degree of vertical roller rolling, AW/ is the dog bone
width (mm), z; is the dog bone width coefficient, d, is the horizontal width coefficient, ¢ is the
geometric parameter, W, is the width of the workpiece after the vertical roller is pressed down (mm),
L is the arc length of contact with the horizontal roller when the roller is flattened (mm), R), is the
horizontal roller radius (mm), W, is the width of the roller (mm), H is the thickness of the rolled
product at the entrance of the stand (mm), R, is the radius of the vertical roller (mm), and
71-75 and d,-d, are unknown model parameters.

The core idea of the Shibahara equation is to decompose the widening behavior into the function
product of multiple influencing factors, such as rolling reduction rate, roll radius, strip inlet
width-to-thickness ratio, and edge bulge degree, to construct a mathematical expression with certain
physical meaning. Its mathematical form contains multiple nonlinear terms, especially the
exponential function form, which increases the complexity of model calculation. In order to simplify
the parameter identification process and adapt to the needs of linear modeling, this paper uses the
method of logarithmic transformation and Taylor series expansion to linearize the model. According
to Egs (1)-(4), we can obtain

de 22 H 23 Re 24 W() 5
AW, = ) [y Iy (e I () Yt
el ) (5] () () |

Wg dz-q He ds-q
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Taking the natural logarithm of both sides of the equation, we have

de 22 H 23 Rg 24 W() Z5
log AW, =z -|—]| (=] [=2] [+
o8 1= (WO) (Re) (We) (We)

We dz-q He ds-q He dy
+d; - q® (T) (R_h) + log (E)

(&)

=exp|lo + 2z 10 £+ lo £+ lo &+ lo%
=exp|logzr + 22 gWo 23 gRe 24 gWe s gWe

H,
+ d,log (E)

o

W, H,
+ exp [log d, + dylog g + dsqlog T + dyqlog R_h

The model is linearized using the Taylor expansion method, and we can get

d@ H Re W
log AWy =2 +log z; + 25 log Wo + z3log R + 74 log W + 75 log WO

W, H, e
+logd; +d,1 + dzglog — + dyglog — + d; 1 —
0gad 210g g + azq log 2 4q Oth : Og(H

) (6)

In the derivation of Eq (6), Taylor series expansion is applied to approximate the exponential terms,
retaining the first-order terms and ignoring the higher-order terms. However, although the higher-order
residual terms are simplified in the mathematical derivation, they still exist in practical applications
and may accumulate, thereby introducing systematic deviations and affecting the prediction accuracy
of the model. In particular, when the parameters of the strip rolling process fluctuate greatly and the
measurement error cannot be ignored, the influence of the higher-order residual terms is more obvious.

3. LS basic format

In order to effectively compensate for the potential errors caused by the approximation of high-
order terms and improve the robustness and accuracy of parameter identification, this paper refers
to references [4, 10] and adopts the LS method combined with the machine learning algorithm for
parameter identification. Based on the above-mentioned equation, d,, g, and d; are known parameters,
AW;, W,,H,R,, W,, L, H,, R, H,, and H, are measurable quantities, and the width prediction model
is linearized into the following standard LS format by transforming and deriving Eq (6):

() = ®T (16 + (1), (7
where y(1) = log AW, —2 — d, log (%) is the measurement output,

T

1 il
b O e b

Wo
W,

Ze e
We

d, H
(D(l) = [1’ log—, log —, log , log , 1, logq’ qlog
0

Wi R,

where 0 = [logzi, 22, 23, 24, 25, logd,, ds, d;, d4]T is the parameter to be identified, and ¢(¢) is the
measurement noise, which obeys the Gaussian distribution with mean 0.
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Remark 1. It should be noted that in practical applications, all measurable physical quantities (such
as strip width, thickness, roller diameter, etc.) have varying degrees of measurement errors. Therefore,
the LS model should not only consider the linear relationship between input and output, but also fully
consider the impact of noise characteristics on the final parameter estimation.

The control and measurement in actual industrial systems are based on discrete time frameworks,
and data is usually acquired at a fixed sampling period. In order to match such actual sampling
characteristics, this study discretizes and reconstructs the continuous time system and converts it into
a discrete time expression, thereby establishing a mathematical model compatible with the digital
sampling method of the industrial site. Discretizing Eq (7) yields:

Ve = OO+ i, 8)

where k represents the sampling time.
4. Model parameter estimation

Since the second-order and higher-order terms are ignored after the Taylor expansion of Eq (5),
directly using LS to estimate the structural parameter 6 will bring systematic deviations, while SVR
can tolerate some model errors through e—insensitive bandwidth, but if SVR is used alone, the physical
interpretability of LS is lost. Therefore, it is considered to let LS be responsible for capturing most of
the first-order mechanism effects, and use SVR to compensate for the systematic deviation of LS. The
two are learned alternately through residuals, and finally a parameter estimation that maintains both
physical structure and robustness is obtained. The specific steps of the algorithm are as follows:

Step 1: Based on Eq (8), the LS algorithm [24] is used to estimate the parameters in model (6)
online. The recursive form is as follows:

.
Ky = Pk—lq)k[q)]{Pk—lq)k + 1] ) )
O = b1 + Ki [)’k - (I)Zék—l] , (10)
Py =1~ KO | Picy, (11)

where 6, represents the parameter estimate at the kth moment, and the initial value 8, = 0. K; is the
gain matrix at the current moment, and P, is the covariance matrix. The specific implementation steps
of the LS are shown in Algorithm 1.

Step 2: Use SVR to model high-order residuals, and its iterative form is as follows:

1) Treat the high-order residuals as a function of the input feature x;, that is,

1=y - 00 = f(x),

where f(-) € Hiinear» Hiinear represents the reproducing kernel Hilbert space corresponding to the linear
kernel.
2) According to 8, estimated by the LS algorithm, the residual is calculated as:

P = yi — O 6. (12)
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Algorithm 1: The estimation of parameters of width prediction model using the LS method

Given an initial value: 6, P,
Input: measurement dataset {®g, @y, ..., D;} and measurement output set {yo, yi, ..., Vi}
fori=1,2,...,kdo

Based on Eq (9) to update K;

Based on Eq (10) to update 6;

Based on Eq (11) to update P;

Output: The parameter estimation 6;

3) SVR training: On the training sample set {(x;,7), (x2,72), ..., (X, 7x)}, solve the following
optimization problem:

1 2

min =||lw||* + CZ + &

min, b+ € 36+ €D
P — Wi, k) — b < e+ &

S.t. S{wy, xi) + by — 7y SS-l—é‘:Z
&6 >0

where wy is the parameter vector to be learned by the linear SVR, b, is the bias term, C is the penalty
factor, ¢ is the insensitive bandwidth, &, &; are slack variables used to process samples with errors
greater than &, representing the errors when the predicted value is higher or lower than the true value,
respectively.

4) Output the final residual model as follows:

Ji(x) = (Wi, X) + Dy (13)

Step 3: Re-estimate the LS algorithm with residual correction, that is, use z; = y;— fi(x) to construct
the corrected measurement output, and substitute it into Algorithm 1 for the estimation update. When
16is1 — Bill < S or the maximum number of iterations is reached, the final estimated parameter 0 is
output.

In summary, the parameter estimation method based on LS and SVR is shown in Algorithm 2.

Algorithm 2: The parameter estimation based on LS and SVR
Input: measurement dataset {®g, @, ..., D;}, measurement output set{yo, yi, ..., yx} and the
input feature set {xo, X, ..., X}
fori=1,2,...,kdo
Solve @, using Algorithm 1
Calculate the residual according to Eq (12)
Use SVR training to solve the residual model (13)
Correct the measurement output
Update 6, using Algorithm 1

Output: The parameter estimation 6
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5. Model bias correction

Although SVR has partially corrected the first-order approximation error, the nonlinear nature of the
exponential term may still cause the high-order residuals to not be effectively fitted. In order to further
improve the final prediction accuracy, this paper uses the XGBoost algorithm in the second stage to fit
and correct the residuals between the predicted values and the actual values in the first stage.

Assume that the output of the first stage is y; = CD,Z@, the actual value is yy, the residual is e; = y;,—x,
and the regression tree model is introduced:

ex = g(x) = Z gi(x), g € G,
=1

where g(x;) is the residual fitting function output by the XGBoost model, g;(x;) represents the jth
regression tree, n is the total number of trees, and G represents the function space of all optional tree
models. XGBoost is trained by minimizing the following objective function:

k

loss; = Z (y,- — i - gj(x,-))2 +Q(g)),

i=1

where Q(g;) = yn + %/l 2o wi represents the complexity regularization term of the jth tree, which is
used to prevent overfitting. y is the penalty factor for controlling the complexity of the model, A is the
L2 regularization parameter, which is used to limit the size of the leaf node score, and @ is the weight
of the jth leaf node.

By iteratively training the residual tree ensemble model g(x;), the first stage output is finally
corrected for deviations to obtain a complete prediction model:

Ve = k) + g(xp).
That is,
i = DO+ g(xp).

According to the above steps, this study adopts a staged hybrid estimation strategy, combines LS and
SVR to estimate parameters, and then uses the XGBoost residual correction mechanism to gradually
improve the accuracy and robustness of parameter estimation. The specific algorithm is implemented
as follows.

6. The simulation

Under the set working conditions, for Eqs (1)—(4), this section uses MATLAB software to write
a simulation program to explore the accuracy of the strip rough rolling width prediction model of
mechanism and data fusion. First, based on engineering experience, the known parameter values are
given and the unknown parameter values are set, as shown in Tables 1 and 2.
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Algorithm 3: The parameter estimation of strip rough rolling width prediction model based
on mechanism and data fusion
Input: rolling process data (temperature, pressure, size, etc.)
Output: width prediction value
Parameter identification stage:
Use LS to estimate unknown parameters
Use SVR to compensate for linearization errors
Use SVR output to correct measured values and re-estimate parameters
Residual correction phase:
Calculate the residual between the predicted value of the mechanical model and the actual
value
Use the XGBoost algorithm to learn complex nonlinear patterns in the residual
Fusion prediction:
Final prediction = Mechanism model output + XGBoost residual correction

Table 1. Known parameter values.

System parameters values
Wy 1094.67 mm
H, 255 mm
H, 202 mm
d 0.35
W, 1073 mm
L 168.42 mm
q 4.2928
Rj, 1307.2 mm
Wo 1073 mm
H 255 mm
R, 1159.95 mm

Table 2. Unknown parameter value.

Unknown parameter value
4\ 0.9944
2 0.0392
23 2.7048
2 3.5573
s 2.2847
d 0.9944
dy 1.2090
d; -0.2268
dy 8.4774
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According to the above model parameter settings, the corresponding measurement output AW, is
obtained. We collect a 100 s data set with a sampling step of 0.01 s/time, and set the noise to follow
a Gaussian distribution with an expectation of 0 and a variance of 0.01. The Gaussian distribution
noise introduced simulates the typical level of sensor measurement error in actual industrial sites.
This setting helps to test the robustness of the parameter estimation algorithm in a noisy environment.
There are 10,000 sets of output data with measurement noise. Next, the algorithm in this paper is used
to estimate the unknown parameters z1, 22, 23, 24, 25, d1, da, d3, and d,, and the corresponding estimated
values 21,22,23,24,25,421,6?2,33,411151 6?4 are obtained. And, by adjusting the regularization terms in
XGBoost (such as A, y) and combining cross-validation for parameter selection to control the risk of
overfitting. The results are shown in Figures 1 and 2. As can be seen from the figure, the estimation
algorithm in this paper ensures that the estimated values of the parameters converge to the true values.
In addition, we find that features such as z; and d; contribute the most to residual correction.

In order to verify the parameter estimation performance of the proposed fusion method, this paper
compares and analyzes the method with the traditional scheme that only uses LS for identification. In
order to quantify the convergence accuracy of each estimated parameter, the following error index is

defined:
s= > 10—l
3

where ¢ reflects the cumulative deviation between the estimated value and the true value. The smaller
the value, the higher the parameter estimation accuracy. Table 3 gives the error comparison results of
the two methods under nine parameters to be estimated. It can be seen that in all parameter dimensions,
the fusion method proposed in this paper is significantly better than the traditional LS. Especially in
parameters such as z,, d,, and dj, the error of the proposed method decreases by more than 30%,
showing stronger convergence ability and robustness. This shows that the introduction of SVR and
XGBoost to model the residual effectively compensates for the systematic deviation caused by the
first-order linear approximation, thereby improving the overall estimation performance.

g s
5
log 2, 23 25
g4 log 23 25
k<] 2o 24
B A N 24
= 35F
2
8 3
=1
kS
>
B 25
g ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
= 2
ki
e}
&8 15
= 1
3
.-Fn
—\.‘i 05}
8
e
=z 0
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E Number of iterations

Figure 1. The true value and estimated value of log z1, 2, 23, 24, Zs-
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True values (dashed line) and estimated values (solid line) of parameters

20
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60 80 100

Number of iterations

Figure 2. The true value and estimated value of log d,, d, d3, d4.

Table 3. The estimation effect comparison.

The error

log z; 2

13

24

a5 lOg d] dz d3

dy

LS

This algorithm 0

0.0001 0.0049 7.5126 12.9970 5.2426 0.0001 1.4784 0.0624 71.8802

0.0025 7.3704 12.7515 5.2240 O

1.4688 0.0542 71.8705

Remark 2. The computational complexity of the LS part is linear (O(n)), and SVR and XGBoost are
batch update methods, not real-time updates per sampling point. In a general PC environment, each
round of iteration takes no more than 100 ms on average. If deployed in industry, near real-time
applications can be achieved through code optimization and hardware acceleration.

45

15

0.5

-0.5

True vaues (dashed line) and estimated values (solid line) of parameters

35F

257

The proposed method of the paper
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Number of iterations

80

=
Q
o

True values (solid line) and estimated values (dashed line) of parameters

45

0 20 40 60 80

The traditional LS method

Number of iterations
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Figure 3. Comparison of the estimation effect of logz;, 22, 23, 24, 75 between the proposed
method and the traditional LS method under small sample conditions.
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In order to verify the sample efficiency advantage of this method in the case of small samples,
we added a small sample experiment (the number of samples was reduced from 10000 to 1000) and
compared the estimation performance of this method with the traditional LS method, as shown in
Figures 3 and 4. The results show that this method still maintains a good parameter estimation effect in
the small sample scenario, while the performance of the traditional LS method is significantly reduced.

0 [
o o] -
% 9 The proposed method of the paper % 9 The traditional LS method
g8 f=- g [oo===e-
a = = g = =
5 8 log d dy s S’ﬁ log di ds
° |\ |- log d, dy o ( |eee-- log d; d3
£ 7 dy dy =7 i, i,
= dy  ----- dy =0 il [ P —— dy
26 &6
g g
T 5 TS5
B B
® ® 4
£’ E
8 g,
° °
s ®
g2 T2
B [ % D
2 g

0 0
§ % -
) ‘ ‘ ‘ ‘ g, ‘ ‘ ‘ ‘
> 0 20 40 60 80 100 5 O 20 40 60 80 100
= Number of iterations = Number of iterations

Figure 4. Comparison of the estimation effect of logd;, d,,ds,d, between the proposed
method and the traditional LS method under small sample conditions.

7. Conclusions

This paper proposes a high-precision modeling framework that integrates mechanism modeling and
data-driven methods to predict the width expansion during the rough rolling process of strip steel.
This method is based on the Shibahara physical model, and linearization is achieved through Taylor
expansion. The LS combined with SVR algorithm is used to estimate the key mechanism parameters
online. Subsequently, the XGBoost algorithm is introduced to perform nonlinear correction on the
mechanism modeling error, achieving the unity of physical interpretability and data adaptability. The
simulation results show that the proposed method is superior to the traditional mechanism method
in parameter identification accuracy, and is suitable for industrial field applications. In the future,
we will further study the width modeling strategy based on deep learning, such as considering the
use of a recurrent neural network or transformer structure based on an attention mechanism to better
capture the timing characteristics of the rolling process. In addition, feature enhancement methods
will be introduced to improve the model’s ability to express complex nonlinear patterns, realize online
adaptive updates of the model, and introduce parameter regularization, sensitivity analysis, and variable
reconstruction to improve identifiability.
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