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Abstract

Aluminum alloy hot rolling features diverse varieties, large variations in incoming strip
thickness, and strong process nonlinearity. Traditional rolling force prediction models rely
on simplified physical assumptions and poor adaptability, making it hard to satisfy high-
precision production requirements. This paper presents a mechanism-data dual-driven
PSO-BP neural network method for rolling force prediction which is applicable to the
rolling temperature range of 320 °C to 520 °C. The SIMS mechanism model is employed as
a physical constraint, and a hybrid PSO-GD algorithm optimizes the initial weights and
thresholds of the BP network, avoiding the local optimum issue of conventional BP. The
rolling mechanism model is embedded into the loss function to deeply integrate physical
laws and data-driven learning. Validation using 508 sets of field data from 5083 aluminum
alloy hot rolling shows that the model achieves a Mpg of 5.0794% and R? of 0.9254,
significantly outperforming the traditional mechanism model (8.91%) and standard BP
(8.77%). The proposed model preserves physical interpretability while utilizing data-driven
adaptability, offering an effective approach for high-precision rolling force prediction and
improving the dimensional accuracy of hot-rolled aluminum alloy sheets.

Keywords: aluminum alloy; rolling force prediction; mechanism model; data-driven;
PSO-BP neural network

1. Introduction

The traditional rolling force prediction model is mainly based on rolling theory, such
as the SIMS formula, Stone formula, and Orowan differential equation [1,2]. This type of
mechanism model has clear physical significance, but its prediction accuracy is limited by
the deviation between simplified assumptions and actual working conditions. In aluminum
alloy rolling, when there are complex conditions such as uneven temperature, variable
speed rolling, high pressure, dynamic roll profile control, and non-steady-state rolling at the
head and tail, the prediction performance is poor. With the development of machine learn-
ing technology, data-driven modeling methods have gradually been applied in the field of
rolling force prediction, such as artificial neural networks, support vector machines, and
random forests [3,4]. Liu et al. proposed a multi-layer extreme learning machine hot rolling
force prediction model based on PSO-GA optimization, which improved the prediction
accuracy and stability by optimizing the network structure and initial parameters through
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intelligent algorithms [5]. Ren et al. constructed a hot rolling force prediction model based
on the random forest regression algorithm and optimized hyperparameters through grid
search, effectively improving prediction accuracy and operational efficiency [6]. The deep
feedforward neural network model constructed by Ma et al. achieved the high-precision
data-driven prediction of hot rolling force, but its model architecture is relatively single,
and the training data source is limited to a single production line [7]. Wang et al. proposed
a rolling force prediction model based on the PSO-BP neural network, which significantly
improved the prediction accuracy of the rolling force of the double stand furnace coil rolling
mill, with an error rate controlled within 10% [8]. Ding et al. proposed an online calculation
model for the precision rolling force of hot-rolled strip steel based on the whale algorithm,
which improves the accuracy of rolling force setting in non-steady-state hot rolling environ-
ments [9]. The machine learning model proposed by ThakurSumanKant et al. significantly
improves the prediction accuracy of rolling force and torque in the process of medium thick
plate rolling by integrating nonlinear parameters. However, the generalization ability and
interpretability of the model are still limited by the source and scale of training data [10].
Shaheera Rashwan et al. proposed a rolling force prediction model that combines genetic
algorithm and semi-supervised support vector regression, which reduced the Rysg by
66.9% and 32.1% in oval and round passes, respectively. However, the model still has
obvious limitations in terms of data scale and cross-sectional generality [11].

To overcome the limitations of a single modeling method, the mechanism and data-
driven modeling approach has attracted widespread attention from scholars both domes-
tically and internationally in recent years, becoming one of the research hotspots in this
field. Guo et al. proposed a new method for predicting rolling forces that combines the
SIMS model and deep learning. The experiment showed that the prediction accuracy
improved by 21.72% compared to traditional methods [12]. Zhang et al. used the method
of error spacing compensation to achieve the organic integration of neural network models
and existing theoretical models, achieving the unity of accuracy and physical rationality.
However, the model’s generalization ability and dynamic adaptability still have short-
comings [13]. RAKHOONHWANG et al. constructed a hot rolling prediction framework
that integrates mathematical models with neural networks, which can simultaneously
achieve high-precision estimations of both rolling force and temperature. However, this
method only stays at the feature-level fusion and lacks the deep embedding of physical
mechanisms and network structures [14]. Dong et al. combined the rolling mechanism with
a data-driven approach and proposed the Fusion-DNN model for rolling force prediction.
Although its accuracy and robustness are better than traditional methods, the model’s
structure is complex, and hyperparameter optimization thus relies on experience [15].
Shang et al. proposed a hot rolling force prediction method that integrates data-driven
and physical modeling. The model’s interpretability and uncertainty quantification were
achieved through LA-NAM, effectively improving prediction stability under small sam-
ples [16]. Niu et al. proposed a rolling force prediction method for the entire hot rolling
process based on transfer learning and the Inception-LSTM neural network. The method
achieved a determination coefficient, RZ, of 0.985 on the F1 stand benchmark model, and the
training time of the transferred model was significantly reduced [17]. Zhou et al. proposed
a data mechanism fusion prediction model for hot rolling force. By optimizing the mech-
anism model through CPSO and weighted fusion with the ELM data-driven model, the
prediction accuracy was significantly improved. However, this fusion strategy uses “fixed
weights” and has weak adaptability to different working conditions and materials. The
model validation of steel grades is limited, and there are limitations in its generalization
application [18].
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In response to problems of insufficient fusion depth, weak model adaptability, and
poor compatibility with aluminum alloy hot rolling conditions in existing research, this pa-
per conducts a study on mechanism-data dual-driven rolling force prediction for aluminum
alloy hot rolling. Based on the SIMS mechanism model of aluminum alloy hot rolling, the
stress state coefficient calculation formula is optimized to improve the adaptability of the
mechanism model to aluminum alloy hot rolling conditions. We built a PSO-GD hybrid
optimization BP neural network to solve the local convergence problem of traditional BP
networks through PSO global optimization and GD local fine-tuning. We innovatively
embedded the rolling mechanism model into the neural network loss function, achieving a
deep integration of physical and data-driven laws, and therefore constructed a dual drive
prediction model for aluminum alloy hot rolling force. Based on on-site measured data,
the prediction accuracy and stability of the model are verified, providing theoretical and
engineering support for high-precision prediction of rolling force in aluminum alloy hot
rolling production lines.

2. Mathematical Rolling Force Model

At present, the theoretical calculation models for rolling force mainly include the
Kalman equation, Orowan equation, and Stone formula. The hot rolling force of aluminum
alloy is generally derived from the SIMS formula based on the Orowan deformation zone
force balance theory. The model expression is:

P = n,KBl'. = n,KB\/RI(H — h) 1)

In the formula: P is the rolling force, KN; 7, is the stress state coefficient; K is the
deformation resistance of rolled aluminum alloy, MPa; I/ is the length of the flattened
contact arc, mm; B is the width of the rolled piece, mm; H is the thickness of the slab inlet,
mm; h is the thickness of the slab outlet, mm; R/ is the flattening radius of the rolling mill,

a2
Rr=R (1 + 16(1-)P , mm; E is the elastic modulus of the rolling mill material, Mpa; ¥

TEB(H—h)
is the Poisson’s ratio of the rolling mill material.

As shown in Figure 1, during the rolling of thin strip, the deformation zone is relatively
long and the thickness of the rolled piece is thin. All metal particles on the contact surface
slide and flow, and the external friction coefficient is small. Moreover, the friction coefficient
on the contact arc changes in a curve, and the degree of uneven deformation is small. The
difference in thickness direction can be ignored. However, as the slab thickness and other
factors increase, especially in the initial passes of hot rolling and rough rolling of thick
aluminum alloy plates, there is generally a situation of rolling thick plates with a small
reduction ratio. Most of the deformation zones are the adhesive zone, and the external
friction coefficient is high. The frictional force on the contact arc remains unchanged or
changes truly little, and the deformation on the thickness section of the rolled piece is
very uneven. The middle layer of metal does not deform and the outer region hinders the
surface layer of metal to produce forced widening, resulting in significant strain and texture
distribution non-uniformity from the surface to the center of the plate, indirectly leading to
a sharp decrease in the accuracy of traditional rolling force calculation models [19-21].

https://doi.org/10.3390 /met16070751


https://doi.org/10.3390/met16070751

Metals 2026, 16, 751

4of 14

/

TEREY
11 [T~

()
[\

/_\\
ETEEREREY

1
[TETETETRIT)

_—

// Neutral \ Neutral
/ face eutral
s 3 4 5|6 / face

i 1203, 4 |56

T T

(a) thin plate (b) thick plate

Figure 1. Diagram of metal flow characteristics during the rolling process. 1 and 6: outer end; 2 and
5: deformation transition zone; 3: backslip zone; 4: Forward slip zone.

2.1. Deformation Resistance

The deformation resistance of metal materials refers to the ability of metals to resist
plastic deformation and is also one of the main force and energy parameters of metal
components. The magnitude of deformation resistance depends on the chemical compo-
sition, microstructure, and original process state of the metal, and is closely related to
the process conditions at the time of deformation. The deformation resistance model is
an expression of the functional relationship between physical quantities related to stress
and deformation conditions during metal plastic deformation. According to the theory of
plastic deformation, deformation resistance can be calculated using the rheological stress
s, according to Equation (2).

ne = ngQphyny )
The rheological stress is calculated according to Formula (3) [22]:

i ASN . ém . e—b(T+273.15) (3)

Among them, A, N, m, and b represent material regression constants; T represents the
specified temperature of the material (°C); ¢ is the degree of deformation of the material
during the rolling process, and ¢ is the rate of deformation of the material.

2.2. Stress State Coefficient

The stress state coefficient is an important parameter that characterizes the stress state
during the rolling process, mainly used to describe the influence of changes in the geometric
dimensions of the workpiece on the rolling force, and can reflect the stress distribution
characteristics of the material in the deformation zone [18]. The value of this coefficient is
usually closely related to geometric factors such as the contact arc length of the rolling mill,
the width of the workpiece, and the thickness reduction, and is a key link in calculating the
rolling unit pressure and total rolling force. Among numerous theoretical models of stress
state coefficients, the model derived by Sims based on Orowan rolling theory is the most
widely used. This model can adapt well to the deformation characteristics of metals under
hot rolling conditions through reasonable mechanical assumptions, providing a reliable
theoretical basis for the calculation of force and energy parameters in the hot rolling process.
The stress state coefficient can be represented by Equations (4) and (5).

_ J/1—-¢ (1 /R 1 R hy m _4 1 T
e =\ T (z\/;%_s‘\/;“‘h%fg 1_g>‘4 @)
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hy=h+R-9* (5)

Among them, € represents the degree of deformation of the material during the rolling
process, h represents the thickness after rolling, R represents the radius of the rolling mill,
and 7 represents the neutral angle.

Based on the SIMS equation, scholars at home and abroad have successively proposed
various simplified formulas for calculating stress state coefficients. Based on the research
conditions and calculation requirements in this article, the following formula is used to
calculate the stress state coefficient.

B I, 1.\ 04 (1—a)ty+am
1y = 0.25 (3.14+ hm> (m) - ©6)

Among them, I, is the contact arc length, h,, represents the average thickness of rolling,
Ty and T, the front and back tensile stresses, coefficient 2 = y/«, 7 is the neutral angle,
radians, « is the bite angle, radians.

In this formula, both the stress correction coefficient for the influence of external
regions and that for external friction effects are simplified to constants, with their spe-
cific values determined through the regression analysis of experimental data by previous
researchers. However, these two constants fail to account for the dynamic variations in
external zone constraints and friction conditions during actual rolling processes under
varying operating conditions (e.g., temperature, speed, lubrication), resulting in poor model
stability when predicting across different operating conditions.

3. Optimizing the Mechanism Model

The hot rolling force of aluminum alloy is influenced by multiple factors, such as
equipment parameters, process parameters, and material parameters, and the rationality of
characteristic parameters directly determines the prediction accuracy and training efficiency
of the model. Based on the characteristics of aluminum alloy hot rolling process and on-site
engineering practice experience, 12 key input features were determined through correlation
analysis and engineering significance screening, covering the three categories of rolling
equipment, rolling process, and material properties. At the same time, rolling force was
used as the output feature of the model. The specific feature parameters and statistical
characteristics are shown in Table 1.

Due to the dimensional inconsistency, outliers, and uneven distribution of the rolling
data collected on site, directly using it for model training can lead to slow convergence and
reduced prediction accuracy. Therefore, preprocessing operations such as standardization
and outlier processing are required to improve data quality. If the unit of data is unspecified,
or if the distribution is biased, data scaling can be improved by manually adjusting the
distribution of the data to enhance learning. In our example, when dealing with artificial
neural network models, the minimum-maximum scaling is used as follows:

X - Xmin

% = K= HAmin
Xmax - Xmin

7)
Among them, X is one of the numerical features, and X, and Xmax represent the

minimum and maximum values of X, respectively. Finally, the scaled data X is considered
as the final input for processing learning data.
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To improve the prediction accuracy of the mechanism model, Equation (8) was used
to replace the original stress state coefficient equation.

R(H—h)) <,/R(H—h)>‘"2 [1_ (1—a)7; + a,

(8)

Here, k; is the width correction coefficient, k; is the stress correction coefficient for
external zone effects, and k3 is the stress correction coefficient for external friction effects,
with values ranging from [0, 2], and determined through PSO-BP neural network training.
H denotes the inlet thickness, and h denotes the outlet thickness.

Table 1. Important characteristic parameters.

Feature Type Feature Description Symbol Unit Scope
Equipment parameters Roll radius R mm (490, 525)
Process parameters Entry thickness H mm (640, 12)
Process parameters Export thickness h mm (640, 9)
Process parameters Entrance width Bi, mm (1499, 3094)
Process parameters Exit width Bout mm (1499, 3094)
Process parameters Coefficient of friction [23] U - (0.3,0.4)
Process parameters Rolling speed v m/s (1.5,2.0)
Process parameters Rolling temperature T °C (320, 520)
Material parameters Material regression constant A - -
Material parameters Material regression constant N - -
Material parameters Material regression constant m - -
Material parameters Material regression constant b - -
Output features Rolling force P t (1276, 4243)

Note: the material regression constants A, N, m, and b were determined through thermal compression testing on
various aluminum alloy grades.

The primary purpose of introducing these three correction coefficients—ky, kp, k3—is
to effectively compensate for systematic discrepancies between theoretical assumptions
and actual hot rolling conditions of aluminum alloys while maintaining the physical
interpretability of the classical rolling force mechanism model. Specifically: the width
correction coefficient k; addresses deviations in the plane strain assumption caused by
metal transverse flow (spreading); the external zone influence stress correction coefficient
ko quantifies the additional constraint effect of undeformed metal outside the deformation
zone on the internal stress field; while the external friction influence stress correction
coefficient k3 comprehensively regulates the overall contribution of complex friction force
distributions to stress states. By incorporating these physically meaningful correction
coefficients and employing a PSO-BP neural network for data-driven optimal fitting, the
model achieves a balance between robust mechanism analysis and precise data modeling,
significantly enhancing rolling prediction performance under complex rolling conditions.

4. Data-Driven Modeling of Rolling Force
4.1. Deep Neural Network Modeling

Artificial neural network (ANN) is a supervised learning model that simulates the
structure of biological neurons. Deep neural network (DNN) achieves powerful nonlinear
fitting and feature mining capabilities through multiple hidden layers, making it suitable
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for industrial parameter prediction tasks with multi-factor coupling. From a mathematical
perspective, DNN is a multi-layer nonlinear mapping model consisting of an input layer,
a hidden layer, and an output layer. It relies on trainable weights, biases, and activation
functions to complete information processing and has universal approximation properties.
Due to the inability to directly determine the optimal parameters, this study adopts the
backpropagation algorithm to iteratively optimize network parameters based on the gra-
dient backpropagation of the loss function. For deep neural networks containing L-layer
hidden structures, the inter layer signal transmission relationship can be expressed as the
following formula:

mi

I+1 _ I+1 I I+1

i = E 1“’]'1' 0 (zi) + b]- )
1=

Among them, z;“ is the value of the i-th node in the hidden layer of the [-th layer, m;

is the number of nodes, 07 is the activation function, and w' it and b;“ are the weights and

biases between the I-th layer and the [ + 1th layer. g

This study adopts a three-layer neural network structure, where the input layer has
12 dimensions, which are important feature parameters; hidden layer 1 contains 16 neurons,
and Dropout (deactivation rate 0.2) is introduced to randomly suppress the participation
of some neurons in training, effectively reducing the risk of overfitting and improving
the generalization ability of the model. At the same time, combined with the LayerNorm
layer, it effectively solves the gradient anomaly problem caused by the multi-field coupling
effect of thermo-mechanical coupling, significantly improving the convergence stability
of the model under noise interference; combined with the LeakyReLU activation function,
the gradient vanishing phenomenon is effectively alleviated, ensuring that the parameters
are continuously updated during the training process, greatly enhancing the predictive
robustness of the model under extreme working conditions. Hidden layer 2 uses eight
neurons, also equipped with Dropout (inactivation rate 0.2), LayerNorm, and LeakyReLU
layers, to further suppress overfitting and maintain the stability of feature expression. The
output layer is designed with three neurons, and an autonomously improved activation
function is used to constrain the output values within the range of [0, 2], corresponding
to three rolling force correction coefficients (k1~k3). By monitoring the dynamics of the
validation set loss to evaluate the model’s status, training is stopped when the validation
loss shows no significant decrease over consecutive iterations and the model tends to
converge, in order to avoid redundant iterations and overfitting, thereby improving the
model’s generalization performance. Its structure is shown in Figure 2.

Input Hidden Hidden Output
layer layer layer layer

Roller
radius

Entrance
thickness
Exit
thickness

Entrance
width

Rolling
speed

Figure 2. DNN model structure.
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4.2. Improved PSO Neural Network Model

Traditional deep neural networks use a random initialization of weights and biases
during training, which can lead to slow model convergence, susceptibility to local optima,
and unstable predictive performance. In response to this issue, this article constructs a
hybrid optimization model combining particle swarm optimization (PSO) and gradient
descent (GD).

For the optimization process: Firstly, all weight matrices and bias vectors in the neural
network model are flattened and concatenated into a single one-dimensional vector, which
is directly defined as the position vector of particles in the particle swarm algorithm,
achieving accurate mapping between neural network parameters and particle positions.
Then, initialize the particle swarm according to the preset parameters, randomly initialize
the velocity vector for each particle, and record the individual optimal position (ppest)
and the global optimal position (gpest) of the entire population separately, completing the
initialization work before optimization. In the iterative optimization stage of particle swarm
optimization algorithm, the predicted loss value of the neural network on the training
dataset is used as the fitness function of the particles. The smaller the fitness value, the
better the model parameters correspond to the particles. Each particle corresponds to a full
set of weights and biases of the BP neural network. By sequentially calculating the fitness of
each particle, the individual best and global best are dynamically updated. Strictly follow
the velocity position update formula of particle swarm algorithm, adjust the flight velocity
and spatial position of particles by combining inertia weight, individual learning factor,
and group learning factor, so that the entire population gradually converges to the optimal
parameter region. The specific formula is as follows:

Vig(t+1) = w-vy(t) +crry - (pia(t) — xiq(t)) +cara - (Pgd(t) - xid(t)> (10)

Xig(t+1) = x;4(t) + vjg(t + 1) (11)

After completing the PSO global search, the parameters corresponding to the globally
optimal particles are loaded into the neural network model as the initial parameters for
the gradient descent stage. Then, high-precision local fine-tuning is performed through
the Adam optimizer to further reduce model loss. At the same time, the performance
of the validation set is monitored during the training process to save the optimal model,
and the saved weight model is used for subsequent BP network prediction. The specific
process is shown in Figure 3. The core parameters of the hybrid optimization algorithm
set in this study are: the number of particles is 40, the inertia weight w is a dynamic
weight (decreasing linearly from 0.9 to 0.4), the individual learning factor c; is 1.5, the
social learning factor c; is 1.5, the maximum number of iterations is 100, the learning rate
of the gradient descent stage is set to 0.001, the number of training rounds is 6000, and the
batch size is 32. Through this parameter configuration and hybrid optimization process, the
model can quickly lock in the optimal parameter interval and achieve accurate convergence,
improving the training efficiency and prediction performance of the neural network.
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Figure 3. Optimization of hidden layer weights and biases in neural networks.

4.3. Construction of Mechanism and Data-Driven Aluminum Hot Rolling Force Prediction Model

This study proposes an improved BP neural network prediction model based on the
particle swarm optimization (PSO) algorithm. By introducing PSO algorithm to globally
optimize the initial weights and thresholds of the neural network, gradient descent (GD)
is introduced to fine tune the globally optimized weights and thresholds, effectively over-
coming the local convergence problem in the traditional BP network training process. At
the same time, the BP neural network predicts three rolling force correction coefficients
and cleverly combines the mechanism model as the loss function to ultimately predict the
rolling force. This model not only retains the advantage of the strong interpretability of
mechanism models, but also fully utilizes the adaptive learning ability of data-driven mod-
els, thereby significantly improving the accuracy and computational efficiency of rolling
force prediction while ensuring the physical rationality of the model. The model’s flow
chart is shown in Figure 4.

BP-Model

Roll | Drop Lmear
" 1 Output
radius . ! O\lt Layer |
Hot hl_ETﬂry —> i PSO for orm| | !
Continuous thickness global 2 || }
Rolling Exit search. Layer | k1 | v
N g ‘\Iorm ! Rollin; The loss function Save the
Industrial thickness GD for R LU | | olling X
Data Entry . i local ‘ k2 —» mechanism-based < converges to a parameter
Acquisition width i search Linear| | Scaled i loss function pl\ateau/ model
: 3 Output
- P I @
o !
Rolling I | |
speed ‘ S ]
I
,,,,,,,,,,,,, I
Gradient Training
descent Kl k2. k3

Figure 4. PSO-BP structure flow chart.

This study innovatively integrates the rolling mechanism model into the neural net-
work loss function and constructs a hybrid modeling method that combines data-driven
and mechanism knowledge deep fusion by using the rolling theory formula in the third part
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as a constraint condition. This design significantly improves the physical interpretability
of the model, making the predicted results strictly conform to the physical laws of rolling,
enhancing small sample learning ability and effectively reducing data requirements with
mechanism prior knowledge. More importantly, it significantly improves the credibility of
the project, making the predicted results more easily accepted on site.

This study uses 2608 sets of 5083 aluminum alloy rolling data as samples, with all
specimens maintaining consistent heat treatment regimes and rolling processes. The dataset
is divided into a training set (2100 sets) and an independent test set (508 sets), where the
training set is further randomly divided into a training subset (1680 sets) and a validation
subset (420 sets) at an 8:2 ratio. Stratified sampling and cross-validation were not used
in the dataset division. The model was trained using a hybrid PSO-GD optimization
algorithm: global optimization was first performed via PSO, followed by local fine-tuning
using GD. The training process incorporated early stopping mechanisms and dynamic
learning rate adjustment based on validation data. Upon completion, the optimized model
weights were applied to a separate test set for preliminary evaluation. Rolling force
predictions were calculated using a custom loss function integrated with the mechanism
model, with predictive performance comprehensively assessed using three metrics: Mean
Absolute Error (Mpag), Root Mean Square Error (Rysg), and Mean Absolute Percentage
Error (Mapg)-

5. Effect Analysis and Verification

By comparing and evaluating the prediction results based on performance indicators
such as Mean Absolute Error (Myag), Root Mean Square Error (Ryvsg), and Mean Absolute
Percentage Error (Mapg), the expression is as follows:

1 X
Mmag = EZW" — il (12)
i=1
1 2
Rmsg = EZ(% — i) (13)
i=1
100% 1| y; — 9;
Mape = — — 3| P (14)
noial Y

Analyzing the validation set metrics, based on the PSO-BP model training results
shown in Figure 5, it can be seen from Figure 5a that the model’s coefficient of determination
RZ is 0.90835, indicating that the model can explain 90.835% of the variance in the target
variable (rolling force), with only about 9.165% of the variance not captured by the model.
This result far exceeds the typical standards required for predictive models in industrial
applications (usually R? > 0.8 is considered to have excellent predictive capability). At
the same time, the performance metrics of this model are 101.29 t, 137.36 t, and 3.26%,
respectively. The scatter plot shows that the sample points are closely distributed on both
sides of the diagonal line, with no obvious deviation bands, intuitively validating the
effectiveness of the selected process features and network topology.

Further observing the residual distribution shown in Figure 5b, it can be seen that the
model’s prediction errors exhibit favorable statistical properties. The residual values are
primarily concentrated within the range of —100 t to 100 t, with the cumulative number of
samples in this range reaching approximately 268 (—100 t: 129, 100 t: 139), accounting for
the vast majority of the total sample size. The residuals show a symmetrically decreasing
trend on both sides: the distribution pattern of positive residuals (100 t: 139, 200 t: 48, 300 t:
16, 400 t: 11, 500 t: 1) is basically consistent with that of negative residuals (—100 t: 129,
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4500

—200 t: 46, —300 t: 23, —400 t: 3, —500 t: 14, —600 t: 1), with no significant bias observed. At
the same time, the number of extreme residuals (absolute value greater than 400 t) is very
small (about 16), indicating that the model does not exhibit systematic bias or significant
interference from outliers. The concentration and symmetry characteristics of the residuals
collectively corroborate the high accuracy and strong robustness of the PSO-BP model in
the rolling force prediction task.
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Figure 5. Model performance evaluation on the validation set.

The mechanism model, BP neural network model, and PSO-BP model were applied
to 508 datasets in the test set respectively, and their prediction accuracy was analyzed.
The results showed that the average absolute error of the mechanism model was 267.63 t,
the Root Mean Square Error was 493.4 t, and the average absolute percentage error was
8.91%. The indicators of the BP neural network model are 191.08 t, 249.13 t, and 8.77%.
The indicators of the PSO-BP model are 110.88 t, 3.87%, 146.26 t, and 5.0794%. The actual
application effect comparison is shown in Figure 6. The PSO-BP model is significantly better
than the other two models in various error indicators, demonstrating higher prediction
accuracy and stability.
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Figure 6. Comparison of rolling force prediction model results.

6. Conclusions

This study focuses on the high-precision prediction of rolling force in the hot rolling
process of 5083 aluminum alloys, proposes a hybrid modeling strategy that integrates
mechanism models and data-driven methods, and constructs an improved BP neural
network (PSO-BP) prediction model optimized via particle swarm optimization. By em-
bedding the rolling force mechanism model into the neural network loss function and
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synergistically optimizing the network’s initial weights and biases using PSO combined
with gradient descent (GD), the model achieves improved prediction accuracy and general-
ization performance on the collected dataset while retaining physical interpretability. The
main conclusions and limitations of this work are summarized as follows:

Effectiveness of the hybrid modeling strategy: The proposed mechanism—data dual-
driven model effectively combines rolling physical laws with data self-learning capacity
within the scope of the tested working conditions. The mechanistic component introduces
physical constraints to improve model interpretability, while the data-driven module
compensates for the deficiency of pure mechanism models in capturing complex nonlinear
behaviors through adaptive learning of measured on-site data.

Noticeable improvement in prediction accuracy on the experimental dataset: Validated
using 508 groups of measured production data for 5083 aluminum alloy hot rolling, the
PSO-BP model achieves a Mean Absolute Percentage Error (Mapg) of 5.0794%, which
outperforms the standalone traditional mechanism model (8.91%) and the conventional BP
neural network (8.77%). The coefficient of determination R? = 0.9254 demonstrates strong
fitting capacity for rolling force fluctuations under the measured process windows.

Improved prediction stability within the tested working condition range: Compared
with pure mechanism and single data-driven models, the PSO-BP model delivers more
concentrated prediction outputs and fewer abnormal prediction points under the tested
production parameters, showing enhanced robustness for the investigated hot rolling
scenarios. The error distribution characteristics further support this observation: the
probability density curve of the fusion model peaks nearest to zero error, and the box plot
analysis reveals a narrower interquartile error range, a median error closer to zero, and
fewer outliers relative to the two benchmark models.

The experimental data only covers a limited range of rolling parameters (temperature,
reduction, rolling speed, slab specification). The model’s performance under extreme
working conditions, different alloy grades, or distinct mill equipment configurations re-
mains unvalidated.
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