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Abstract: This study is justified by the need to precisely adjust controllers in skin-pass mills to
ensure the quality of steel sheets, given the complexities of the rolling process. Traditional models
fail to incorporate the historical wear of the mills, thus data-driven modeling is proposed as a
viable approach to accurately represent these conditions and optimize production quality. The
aim is to optimize the architectures of Artificial Neural Networks (ANNs) using the Generalized
Extremal Optimization (GEO) algorithm, which stands out for its ability to adjust network
architectures with a single free variable, simplifying configuration and enhancing computational
efficiency. The methodology involved using the GEO algorithm to balance error minimization
and computational cost, suitable for implementations in Programmable Logic Controllers
(PLCs) with limited resources. As a significant result, the optimized ANN architecture achieved
a Mean Relative Squared Error (MRSE) of 0.8418%, demonstrating an efficient solution given
the application’s constraints.

Resumo: Este estudo justifica-se pela necessidade de ajustar precisamente controladores em
laminadores de encruamento para garantir a qualidade das chapas de aço, enfrentando as
complexidades do processo de laminação. Dado que modelos tradicionais falham em incorporar
o desgaste histórico dos moinhos, a modelagem orientada a dados surge como uma abordagem
viável para representar essas condições com precisão e otimizar a qualidade da produção. O
objetivo deste trabalho é resolver a otimização de arquiteturas de Redes Neurais Artificiais
(ANNs) utilizando o algoritmo de Otimização Extrema Generalizada (GEO), destacando-se
pela capacidade de ajustar arquiteturas de rede com uma única variável livre, simplificando a
configuração e aumentando a eficiência computacional. A metodologia aplicada envolveu o uso do
algoritmo GEO para equilibrar a minimização de erros e o custo computacional, adequado para
implementações em Controladores Lógicos Programáveis (PLCs) com recursos limitados. Como
resultado expressivo, a arquitetura de ANN otimizada alcançou um Erro Quadrático Médio
Relativo (MRSE) de 0.8418%, demonstrando uma solução eficiente em termos das restrições
impostas pela aplicação..
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1. INTRODUCTION

Accurate controller adjustment is essential for ensuring the
quality finish of steel sheets in the skin-pass mill. The
effectiveness of these controllers depends heavily on rep-
resenting real-world conditions accurately, as mismatches
can compromise the steel’s quality. Seo et al. (2020) high-
light the critical nature of proper tuning, without which
the product’s integrity is at risk.

The complex nature of the steel milling process introduces
significant modeling challenges, involving various process
variables, non-linearities, and time delays, as noted by
Alves et al. (2012). These complexities are compounded by
operational conditions and mill speed, which substantially
affect the system’s behavior. Over time, if a controller op-
erates on a system that has strayed from its initial settings,
the quality of the steel sheet may degrade. Shen et al.
(2022) further discuss how traditional physical models fail
to incorporate the wear history of mills, which is crucial
after multiple material passes.

To counter these modeling challenges and to accurately
depict the mill, data-driven modeling—or empirical mod-
eling—has been identified as a viable approach. This
method, essential for maintaining steel sheet quality and
preventing financial losses, requires operational system
data for the identification process. The significance of this
approach is supported by the work of Shi et al. (2022) and
Shen et al. (2022), ensuring that models accurately reflect
the mill’s current state and support optimal production
quality.

Artificial Neural Networks (ANNs) provide a powerful
tool for this kind of identification due to their ability to
effectively map relationships between various inputs and
outputs. The application of ANNs, as demonstrated in
studies by Colla (2022) and Shi et al. (2022), is crucial
for reducing losses and enhancing the predictive accu-
racy required for high-quality outputs. These advanced
computational techniques assist in modeling the intricate
interactions within the milling process.

The primary objective of this study is to develop an opti-
mized Artificial Neural Network (ANN) architecture using
the Generalized Extremal Optimization (GEO) algorithm,
and to contrast the results with the previous empirical
efforts by Rodrigues et al. (2023) to determine the ANN
architecture. This approach seeks to demonstrate the ad-
vantages of GEO over traditional optimization methods.
A key benefit of the Generalized Extremal Optimization
algorithm is that it has only one free parameter, or hyper-
parameter, which simplifies its configuration. This compar-
ison aims to showcase the effectiveness and precision of the
GEO algorithm in refining ANN configurations, providing
a more streamlined and accurate method for establishing
the optimal network structure for specific applications.

This paper introduces the pioneering application of the
(GEO) algorithm in the steel industry. This marks the first
utilization of GEO within this sector, expanding its appli-
cation beyond the aerospace field where it has previously
shown substantial benefits (Chagas et al., 2014).

2. PROBLEM STATEMENT

In the field of skin-pass mills, the need for precise pro-
cess identification has led researchers to explore various
methods. Rodrigues et al. (2013) highlighted the N4SID
(Numerical Algorithm for Subspace State Space System
Identification) method, though they noted its limitations
in capturing the aging process of mills due to insufficient
data sampling. To overcome these limitations, the appli-
cation of Artificial Intelligence (AI), particularly Artificial
Neural Networks (ANNs), has been advanced for their
capability to model complex input-output relationships, as
emphasized by Colla (2022) and Shi et al. (2022). These
methods are instrumental in reducing process losses.

Further investigations into AI’s potential were conducted
by Escribano et al. (2012), who employed ANNs and
regression trees to model the behavior of cold rolling
mills, achieving promising results. Remarkably, Shen et al.
(2022) showed that ANN-based models could improve the
prediction accuracy of the rolling force by up to 50%
compared to traditional models, integrating variables such
as steel chemistry and rolling parameters.

However, empirical tuning of ANN hyperparameters re-
mains a pervasive challenge, as evidenced in the works
of Pican et al. (1996), Wiklund and Sandberg (2002),
He and Liu (2005), and Ren et al. (2021). These studies
often lack a comprehensive comparison of different net-
work architectures, which would elucidate the effects of
various topologies on performance. Addressing these gaps,
this project employs GEO algorithm, to optimize ANN
architectures, facilitating a structured evaluation against
previously used empirical methods.

Additionally, Santos and Barcelos (2020) explored the use
of neural networks within the control systems of a cold
strip rolling mill, focusing on architecture that minimizes
output discrepancies. However, this approach did not con-
sider whether the architecture achieved an optimal balance
between error reduction and computational efficiency—a
critical factor when implemented on a Programmable
Logic Controller (PLC), where resources are limited.

Rodrigues et al. (2023) successfully demonstrated the fea-
sibility of using ANNs in skin-pass mills with a limited
dataset. They identified an optimal structure with approx-
imately 30 neurons across three layers, achieving an error
rate of 0.7288%. While this error rate is impressive, the
study did not delve into optimizing the architecture for
computational efficiency, crucial for PLC environments.

This article proposes the use of Generalized Extremal
Optimization (GEO) to optimize ANNs, aiming to balance
error minimization with computational cost, addressing
the shortcomings identified in prior studies like that of
Rodrigues et al. (2023). Employing GEO can refine ANN
architectures to ensure they are both precise and compu-
tationally efficient, an essential balance for applications in
PLCs and similar environments. One significant advantage
of using GEO is its simplicity, due to having only one
free parameter, which facilitates easier configuration com-
pared to other optimization methods. This streamlined
approach, supported by a larger dataset, is expected to
enhance model training, leading to more accurate and
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robust systems—key for real-world industrial applications
where accuracy and efficiency are paramount.

3. BACKGROUND

3.1 GEO Algorithm

The GEO algorithm, proposed by Sousa et al. (2003),
has been increasingly applied to complex optimization
problems within the aerospace sector (Sousa et al., 2007;
Mainenti-Lopes et al., 2012, 2016; Freitas et al., 2018).

The GEO algorithm is a global search meta-heuristic
developed by Sousa. It is inspired by natural evolution-
ary processes and based on the theory of Self-Organized
Criticality (SOC), used to explain power-law signatures
in complex systems. Unlike methods such as Simulated
Annealing or Genetic Algorithms, GEO does not rely on
derivatives and can handle non-convex or disjoint problems
with variables that are continuous, discrete, or mixed. A
unique feature of GEO is its single free parameter, τ ,
which controls the search determinism from a random
walk (τ = 0) to a deterministic local search (τ → ∞).
The typical range for τ in applications is between 1 and
5. (Sousa et al., 2003; Galski, 2006)

In the GEO framework, a set of L solution components,
represented as bits in a binary sequence (similar to a
chromosome in genetic algorithms), encode the design
variables. Each bit’s fitness is determined by the impact
of its toggling on the objective function value. The algo-
rithm ranks bits by their fitness and applies mutations
probabilistically, governed by τ . (Sousa et al., 2003; Galski,
2006)

The operational steps of the GEO algorithm are as fol-
lows (Sousa et al., 2003; Galski, 2006):

(1) Initialize a binary string C of length L encoding
N design variables. Convert C to X, calculate the
objective function F (X), and set Xbest = X and
F (Xbest) = F (X).

(2) For each bit i in C:
• Toggle i to get a new configuration Ci, convert

Ci to Xi, and compute F (Xi).
• Assign an adaptation index ∆F (Xi) = F (Xi) −
F (Xbest) and revert i to its original value.

(3) Sort all bits by ∆F (Xi) from the least to the most
adapted and pair each bit’s position with its rank.

(4) Select a bit to mutate based on a probability P (i) =
k−τ where k is the rank, and mutate if a generated
random number is less or equal to P (i).

(5) Update C to Cesc, convert to X, and compute F (X).
(6) If F (X) < F (Xbest), update Xbest = X and

F (Xbest) = F (X).
(7) Repeat the above steps until a stop criterion is met

and return Xbest and F (Xbest).

3.2 Artificial Neural Network (ANN)

The artificial neural network used in this study is a
multilayer perceptron (MLP) due to its simplicity and
ability to map inputs to outputs, as described Haykin
(2009).

The GEO algorithm initiates its process by randomly gen-
erating a population. Each individual in this population
encapsulates a unique set of architectural parameters for
an Artificial Neural Network (ANN), which includes the
number of hidden layers, the neurons in each layer, and the
chosen activation function. These parameters define each
ANN’s structure, triggering a separate training cycle for
every configuration in the population. Throughout these
cycles, the neural network receives inputs and computes
outputs, represented as ŷ, according to the following equa-
tions (Haykin, 2009):

ŷ(j) = a
[l+1]
j = z

[l+1]
j , (1)

a
[l]
j = σ

(
z
[l]
j

)
, (2)

z
[l]
j =

(
m∑

k=1

w
[l]
jkx

[i]
j + b

[l]
j

)
. (3)

The output of a neuron, denoted by a, is calculated using
the activation function σ. The weights w and inputs x from
the previous layer contribute to this output, alongside the
bias b. In this formula, m represents the total number
of input connections to the neuron. Layer and neuron
specificity are indicated by superscripts and subscripts: [l]
marks the lth layer, (i) identifies the ith training example,
j refers to each input unit, and k specifies the particular
neuron within the layer.

The activation function establishes a non-linear relation-
ship between the input and output of a neuron, critical for
enabling complex pattern recognition in neural networks.
Prominent among these transfer functions are the hyper-
bolic tangent and the sigmoid function (Haykin, 2009):

σtanh(z) =
2

e−2z + 1
− 1; (4)

log-sigmoid

σsig(z) =
1

1 + e−z
; (5)

and gaussian or radial basis

σgauss(z) = e−z2

. (6)

In this research, the Levenberg-Marquardt (LM) method
was selected for training the network. This method com-
bines strategies initially developed by Levenberg and Mar-
quardt into a unified algorithm, as detailed in the cited
literature (Haykin, 2009). The performance of the Artifi-
cial Neural Network (ANN) is evaluated using the mean-
squared error (MSE) metric

EMSE =
1

N

N∑
i=1

[
(y(i) − ŷ(i))

2
]
. (7)
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4. METHOD

This research enhances the framework originally developed
by Rodrigues et al. (2021), which was focused on simula-
tor applications where timing is crucial. Here, we adapt
the approach for use in environments with significant
computational limitations, such as Programmable Logic
Controllers (PLCs). This adaptation is vital for applying
the methodology in settings with stringent hardware con-
straints, thereby improving the utility of Artificial Neural
Networks (ANNs) not just in simulated environments but
also in real-world industrial applications. By extending
the original methodology to PLCs, this work addresses
the need for systems that operate effectively within the
limited computational capacities often present in these en-
vironments, increasing the practicality and range of neural
network applications.

The customized approach for data from the skin-pass mill
is demonstrated in Figure 1. This figure visually outlines
the adapted process flow, elucidating how the methodology
optimizes ANNs within the specific constraints of a skin-
pass mill.

Collect raw data

Start

Select variables

Pre-processing

Set up genetic
algorithm

Optimization

Run GA

Select best ANN
architecture

Satisfy stop
criteria?

Yes

No

ANN Generalization

Define objective
function

Set up ANN

Estimulate ANN with
complete data set

Obtain estimated
value 

Compare estimated
values with real values

ANN evaluation

Figure 1. Steps of the methodology. Source: Adapted
from Rodrigues et al. (2021).

During the pre-processing phase, data are gathered and
readied for subsequent use. Specifically, the data are ex-
tracted from the database of the skin-pass mill and sub-
sequently stored in spreadsheet format. Following this,
the dataset intended for training the ANN is curated and
selected.

4.1 Optimization

In the optimization phase, multiple configurations of the
neural network are evaluated. The hyperparameters that
are modified encompass: i) the number of neurons within
each hidden layer, ii) the number of hidden layers , and
iii) the type of activation function employed. The hidden
layers and the neurons (depicted as circles) are illustrated
in Figure 2.

Objective Function The objective of this phase is to iden-
tify an architecture that optimizes performance through

Figure 2. Hidden layers of neural networks. Source:
Adapted from Haykin (2009); Rodrigues et al. (2021).

the minimization of the objective function, while concur-
rently diminishing the computational demands related to
the number of neurons and the length of the learning pro-
cess. The objective function employed for this evaluation
is presented in (8) (Carvalho et al., 2011)

fobj = penalty ×
(
ρ1 × Etrain + ρ2 × Egen

ρ1 + ρ2

)
, (8)

The parameters ρ1 and ρ2 (ρ1, ρ2 > 0; ρ1, ρ2 ∈ ℜ)
are used to weigh the importance of errors, with Etrain

representing the training error and Egen indicating the
generalization error. Both errors are quantified according
to (7). The training error originates from the learning
process of the ANN with the training data set, while the
generalization error is evaluated using the test data set. It
is essential to recognize that the data set employed during
the optimization stage is a condensed version of the full
data set, making it imperative for the ANN to be capable
of generalizing to previously unseen data points. When
ρ2 > ρ1 , the focus shifts towards enhancing the network’s
performance on generalized data (Carvalho et al., 2011).
The penalty term

penalty =
(
e5×10−8×(nw)2

)
+
(
5× 10−5 × epochs+ 1

)
,

(9)

where nw signifies the total number of weights in the ANN
and epochs indicates the number of iterations necessary to
train the ANN. This metric evaluates the complexity of the
ANN architectures and applies penalties to configurations
that involve a large number of neurons or prolonged
training periods. Architectures with such complexity are
generally ill-suited for real-time applications, like those
required in an operational satellite simulator (Carvalho
et al., 2011).

Running the GEO Table 1 specifies the values for each
design variable used. During the execution of the GEO
Algorithm, the configuration of neurons in the first hidden
layer and the output layer remains unchanged. The num-
ber of neurons in the first hidden layer mirrors the count
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of input nodes, while the number of neurons in the output
layer matches the quantity of target variables.

In the implementation of the GEO algorithm, the pa-
rameter τ was set to 3. Two termination conditions were
defined: i) the number of generations, indicating the fre-
quency at which the population is evaluated by the ob-
jective function; ii) the average relative change in the
value of the objective function over 50 assessments, which
must be 1 × 10−6. Furthermore, the parameters ρ2 and
ρ1, as mentioned in (8), were established at 1.0 and 0.1,
respectively.

Table 1. Parameters used to define ANN archi-
tecture.

Design Variable Values

Neurons in each hidden layer 1...10
Hidden layers 1, 2, 3

Activation function
hyperbolic tangent, log-sigmoid,

gaussian

During the search for the optimal ANN architecture, the
GEO algorithm strives to minimize the objective function
value (8); however, each iteration requires training an
ANN. Throughout this training process, the dataset is
partitioned into distinct subsets as follows (Haykin, 2009):
i) 70% is allocated to the training set, utilized to calculate
errors and adjust weights and biases across the training
iterations; ii) 15% is designated for the validation set,
used to prevent overfitting; iii) 15% forms the testing set,
employed to assess the model’s ability to generalize errors.
It is important to note that the complete dataset consists
of 267, 870 samples per variable, with 53, 574 samples being
employed in the phase dedicated to identifying the most
effective architecture.

Upon completion of the GEO algorithm, the optimal
network is identified as the one that achieves the lowest
value of the objective function while also minimizing
computational demand, evidenced by having the smallest
number of neurons.

4.2 ANN Generalization

Once optimization is concluded, the determined parame-
ters, such as the number of neurons, the configuration of
hidden layers, and the choice of activation function, are
utilized to configure the ANN for subsequent performance
evaluations.

After setting up the ANN, it undergoes testing with
the entire unmodified dataset. This evaluation is critical
to assess the ANN’s capacity to generalize beyond the
data used in its training phase. The responses of the
ANN to these inputs are then examined to evaluate its
effectiveness.

The evaluation of the ANN’s performance primarily uti-
lizes the mean squared error (MSE), detailed in 7, and
the mean relative squared error (MRSE),

MRSE(%) =
1

n

no∑
t=1


√√√√∑N

i=1(y(i) − ŷ(i))2∑N
i=1(ŷ(i))

2

× 100, (10)

as key metrics.

where n indicates the aggregate number of output vari-
ables, and N corresponds to the total data samples used
for evaluating the performance of the ANN. Given that
there are two outputs, the overall Mean Relative Squared
Error (MRSE) is calculated as the average of the MRSE
for each individual output.

The Mean Relative Squared Error (MRSE) and Mean
Squared Error (MSE) are statistical measures that quan-
tify the variations between the actual outputs of the
system and the outputs predicted by the ANN. Metrics
nearing zero reflect that the ANN models the system’s
dynamics with substantial precision (Borjas and Garcia,
2011).

5. CASE STUDY: SKIN-PASS MILL

The dataset employed in this study was obtained from a
skin-pass mill. The particular section under investigation
is referred to as the ”mill region,” which is illustrated in
Figure 3. This area contains the equipment used for data
collection as noted by Rodrigues et al. (2013):

• Tensiometers: Comprising three interconnected cylin-
ders attached to a load cell. These instruments are
utilized to measure the force necessary for assessing
mechanical stress.

• Backup roll: These rollers make direct contact with
the material undergoing processing.

• Central tensioner: Featuring three tensioning rollers
driven by a unified motor, this apparatus is crucial
for sustaining the mechanical stress at the output of
the mill.

Figure 3. Skin-Pass mill diagram. Source: Rodrigues et al.
(2013)

The hydraulic actuation facilitates the operation of the
backup roll, with the lower backup roll cylinder approach-
ing the upper cylinder. This action applies force (F ),
resulting in the elongation of the steel sheet. To ensure
proper elongation, it is essential to tension the steel strip
at both the entry and exit of the mill to maintain full
extension of the sheet (Rodrigues et al., 2013).

The variables for identification are outlined in Table 2,
indicating their association with particular equipment,
measurement techniques, units of measurement, and their
classification within the system as either input or output
variables.

The mechanical stress level necessary for processing the
steel sheet effectively, without defects, loosening, or sheet
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breakage, is contingent upon its dimensions, including
thickness and width. Input mechanical stress data informs
the motor control of the lower backup roll cylinder, ad-
justing its speed accordingly. Similarly, output mechanical
stress data are conveyed to the motor control of the central
tensioner, regulating the exit stress of the rolling mill (Ro-
drigues et al., 2013).

6. RESULTS

Over a period of about 61 hours and 27 minutes 1 , a
total of 3520 neural network architectures were evaluated.
Towards the end of the GEO’s execution, no further archi-
tectural tests were conducted as the objective function’s
cost had not been minimized for over 50 iterations. The
cost distribution of the objective function is illustrated in
Figure 4.
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Figure 4. The objective function map.

Out of the architectures assessed, the one demonstrating
superior performance consisted of three hidden layers,
comprising 9, 9, and 5 neurons respectively, and employed
a log-sigmoid activation function. This architecture yielded
an objective function value of fobj = 0.3167.

Figures 5 and 6 present the ANN’s performance in map-
ping the input and output mechanical tension of the skin-
pass mill. The system’s response, shown in blue, corre-
sponds to the different setpoints applied according to the
material properties. Although the ANN achieved an aver-
age MRSE of 6.82%, it is notable that the samples between
200, 000 and 250, 000 did not produce satisfactory results,
revealing a significant disparity between the expected and
ANN-estimated values.

To assess the performance of the architecture developed in
this study, the dataset used by Rodrigues et al. (2023) was
employed for comparative purposes. The obtained average
MRSE of 0.8418% was slightly higher than the 0.7288%
MRSE achieved by Rodrigues et al. (2023). However, it is
noteworthy that the architecture proposed in this research
requires fewer computational calculations, with approxi-
mately 185 calculations needed compared to 278 in the
previous study. This indicates a subtle improvement in
processing efficiency, underscoring the potential for a more
resource-efficient solution tailored to the application’s re-
quirements.

1 Hardware: Dell G7 with 32 GB of RAM, an i7 8750H processor,
and 1 TB of SSD storage.
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Figure 5. Mechanical stress at the input.
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Figure 6. Mechanical stress at the output.
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Figure 7. Mechanical stress at the input with dataset
from Rodrigues et al. (2023).

7. CONCLUSIONS

The application of the Generalized Extremal Optimization
(GEO) algorithm in optimizing Artificial Neural Network
(ANN) architectures for skin-pass mills has yielded promis-
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Table 2. Identification variables and their specifications. Source: Rodrigues et al. (2013)

Variable Equipment Sensor Unit Classification

Mechanical stress at the input Tensiometer Load cell kgf/mm2 Output

Backup roll cylinder speed Lower backup roll cylinder Encoder mpm Input

Mechanical stress at the output Tensiometer Load cell kgf/mm2 Output

Tensioner speed Central tensioner Encoder mpm Input
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Figure 8. Mechanical stress at the output with dataset
from Rodrigues et al. (2023).

ing results in this study. By exploring over 3500 neural
network configurations, we identified an architecture with
three hidden layers and a total of 23 neurons, utilizing
a log-sigmoid activation function, which achieved an ob-
jective function value of 0.3167. Despite a slight increase
in the mean relative squared error (MRSE) compared to
previous work, our architecture demonstrated improved
computational efficiency, requiring fewer calculations while
maintaining a low error rate.

The success of this study underscores the effectiveness of
the GEO algorithm in streamlining the process of ANN
architecture optimization, providing a simpler yet accurate
model for skin-pass mills. Future research avenues could
explore the adaptation of the GEO algorithm with an
adaptive approach to its single free parameter, potentially
enhancing its performance further. Additionally, increas-
ing the diversity of the dataset and addressing outliers
could improve the generalization capabilities of the ANN
architecture, paving the way for more robust industrial
applications in the future.

In conclusion, while this study has demonstrated the
efficacy of the Generalized Extremal Optimization (GEO)
algorithm in optimizing Artificial Neural Network (ANN)
architectures for skin-pass mills, there are opportunities for
further refinement and improvement. One notable aspect
to consider is the limited portion of the dataset utilized
for the optimization process, representing approximately
20% of the available samples. Expanding the dataset could
enhance data diversity, potentially leading to the discovery
of an ANN architecture that more effectively generalizes
the data, especially considering the variation in samples
attributable to different materials processed in the skin-
pass mill.
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