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Abstract

The cement industry, responsible for 26% of industrial CO, emissions and 8% of global emis-
sions, is under growing pressure to reduce its environmental footprint while maintaining
profitability. In this context, optimizing grinding processes is essential to enhance both the
efficiency and sustainability of cement production. This study presents the development
of a self-adaptive expert system for closed-loop control, integrating symbolic Artificial
Intelligence (AI) and Advanced Process Control (APC) techniques. The system dynamically
adjusts operational parameters in real time to minimize the specific energy consumption
of cement grinding while meeting quality targets. Notably, it enables autonomous plant
operation without direct human supervision, thereby reallocating personnel to higher-
value tasks and maintaining optimal performance continuously. The benefits observed
following industrial implementation are discussed, alongside an analysis of the key fac-
tors influencing grinding performance and productivity. Furthermore, the integration of
Artificial Neural Networks (ANNSs) and genetic algorithms is proposed as a future enhance-
ment, complementing the expert system through neuro-symbolic approaches. This fusion
represents a significant step toward the digital transformation of industrial operations.

Keywords: expert systems; self-adaptive systems; advanced process control (APC); process
optimization; energy efficiency; cement industry

1. Introduction

The industrial sector is increasingly required to adopt more sustainable production
practices in response not only to market expectations but also to environmental legislation
and progressively stricter regulatory requirements. These obligations concern emissions

reduction, energy efficiency, resource conservation, recycling, and the responsible handling,
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of the associated chemical processes and the intensive nature of the processes that make it
up [2]. This significantly contributes to the footprint of the final product.

Energy represents a substantial proportion of variable cement-manufacturing costs.
Approximately 33% corresponds to thermal energy used primarily in clinker production,
whereas approximately 37% corresponds to electrical energy consumed by plant equipment
and grinding operations. Together, these components account for approximately 70% of
variable manufacturing costs [3].

In this context, for corporate social responsibility and to reduce the associated high
energy costs, an increase in energy efficiency and carbon capture, use, and storage (CCUS)
have become key points in the cement industry sector, directly impacting manufacturing
costs and companies’ strategic plan efficiency [3]. As a result, over the years, there have been
important evolutions in cement manufacturing technologies with the aim of minimizing its
environmental impact, reducing its carbon footprint, and promoting energy [4].

Grinding is one of the most critical stages in cement manufacturing because it strongly
influences final product quality while accounting for a large share of total electricity de-
mand. Owing to frictional losses, grinding remains an energy-intensive process, with
60-70% of total plant energy use associated with raw material and cement comminution
stages [5,6]. Improving the operation of grinding circuits therefore offers a direct oppor-
tunity to reduce specific energy consumption, operating costs, and the indirect emissions
associated with electricity use.

The continuous process industry, particularly the cement industry, traditionally relies
on the knowledge and experience accumulated by operators and technicians in manual
control [7]. This dependence is reflected in the need for specialized skills and practical
experience to ensure the efficiency and safety of processes, presenting challenges such
as variability in performance and the constant need for training and knowledge transfer.
Therefore, management of the knowledge base is a fundamental pillar of the operation of
industrial facilities [8].

Traditional control systems allow for improved mill driving by adjusting the inde-
pendent adjustment loops. Although effective, these systems always require constant
supervision by the operator to ensure optimal operation, because the operating instructions
must be established manually and periodically. Human intervention is crucial to make
fine adjustments and respond to unexpected variations in the process [9]. However, the
availability and experience of the Process Engineer in defining the operating conditions,
operating ratios, and performance of the installation must be considered.

The cement industry has become a promising field for the implementation of APC
techniques to ensure long-term efficiency and sustainability in its operations and to reduce
dependence on operators and engineers [10].

In recent years, Al techniques have become valuable tools for optimizing industrial
processes [11]. These techniques seek to imitate human behavior while reducing the energy
consumption associated with the process and ensuring the quality of cement [12].

Al is divided into two main branches: symbolic and sub-symbolic. Symbolic Al
relies on the manipulation of explicit symbols and rules, whereas sub-symbolic Al uses
mathematical and statistical models to learn patterns from data [13].

Expert Systems (ES) are a branch of Artificial Intelligence that use explicit knowl-
edge bases and inference rules to support decision-making in specialized domains. Since
their early development, they have been widely applied to complex industrial problems
requiring transparent and structured reasoning [14-16].

Since then, the cement industry has employed symbolic Al to create increasingly
advanced Expert Systems that leverage the knowledge of process engineers and constant
observation-based refinement as an optimization engine [17,18]. This Al technique, based
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on logical rules, attempts to replicate human reasoning through a process of constant
adaptation and refinement of its application. However, it has certain limitations as it
cannot adapt to changing situations. Frequently, these systems combine fuzzy logic with
Proportional-Integral-Derivative (PID) controllers or Model Predictive Control (MPC)
models [19].

One of the first documented examples in the cement industry was developed in 1987
by Vanderstichelen [20], who created a diagnostic program for use in cement mills using
KEE (Knowledge Engineering Environment) software. Also in 1987, the CemExpert system
was introduced [21], specifically designed to optimize the cement grinding process. Rather
than relying on logical rules, CemExpert integrates process models, parameter estimators,
simulators, and predictors based on algorithmic calculations. The system was designed to
support operators in process monitoring and decision-making.

Since its origins, the applications of Expert Systems have been extensive and well
documented [22,23]. The development of digital communication and online scientific
databases further facilitated the dissemination of knowledge and collaboration among
researchers and practitioners.

In recent years, with the increase in computing capacity and new machine learning
techniques, Subsymbolic Al techniques have become excellent tools for the optimization of
industrial processes because of their autonomy, learning capacity, and adaptability, which
are fundamental aspects in the development of intelligent systems [24]. The objective of
subsymbolic Al techniques is to create models that interrelate input variables with output
variables using machine learning mechanisms. Two prominent examples in this area
are Artificial Neural Networks (ANNSs) [25], first proposed in 1943 [26], and the Genetic
Algorithms introduced by J.H. Holland in the 1960s, inspired by the processes of natural
selection and biological evolution [27].

In this context, subsymbolic Al techniques have proven to be particularly useful in
enabling the creation of systems that not only automate complex tasks but also continuously
improve as they receive more data. This is especially relevant in industrial environments,
where efficiency and sustainability are fundamental pillars. Moreover, the integration of
these techniques with emerging technologies, such as the Internet of Things (IoT) and cloud
computing, has further expanded their applicability.

ANN:s are suitable for analyzing real-time data from sensors in a plant, optimizing
the performance, and reducing the downtime. In the cement industry, they can be used
to predict the particle size distribution of the final product [28], managing the variability
in ore properties and operating conditions. This information can be used in real time to
improve the operating setpoints, reduce the standard deviation of the quality parameters
associated with cement manufacturing, and reduce energy consumption.

Similarly, Genetic Algorithms can be used to find optimal solutions to planning and
scheduling problems [29], adapting quickly to changes in the operating conditions. These
algorithms can optimize the manufacturing cost function [3] by selecting the most suitable
products and assigning production lines and manufacturing sequences. The implementa-
tion of hybrid crossover and mutation operators in Genetic Algorithms improves the quality
of solutions and reduces calculation time, outperforming other optimization methods.

Symbolic and subsymbolic methods provide complementary capabilities [13]. Sym-
bolic approaches generate conclusions from explicit rules and formal structures, which
facilitate transparency and the incorporation of expert knowledge. Subsymbolic approaches
learn associative relationships from data and can identify complex patterns in large or
noisy datasets. However, purely data-driven methods may be limited when relevant pro-
cess disturbances are not directly measured or when the available data do not adequately
represent all operating conditions.
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On the other hand, neurosymbolic computing (SNC) combines subsymbolic learning
algorithms with symbolic reasoning methods to achieve a balance between the ability
to learn from data and interpretability. This integration allows complex problems to be
addressed more effectively, allowing for a transversal and innovative approach to operate
in an optimized manner, guaranteeing energy efficiency and process stability [30,31].

The cement industry is showing increasing interest in combining symbolic and sub-
symbolic Al to optimize production processes and improve final-product quality. Research
in this field continues to expand, supporting the development of more adaptive and inter-
pretable industrial systems [32].

Previous applications of expert systems and advanced control in cement grinding
have reported improvements in energy efficiency and productivity. Nevertheless, many
approaches remain dependent on fixed parameterization, isolated control modules, periodic
operator retuning, or continuous supervision. The available literature provides limited
evidence of full-scale industrial systems that integrate supervisory rule-based reasoning,
closed-loop regulatory control, and continuous recalibration within a unified architecture
capable of sustained autonomous operation.

The principal contribution of this study is the development and industrial implemen-
tation of a self-adaptive expert system that continuously updates its operating references
according to the observed process response. The architecture combines explicit process
knowledge, supervisory decision rules, regulatory control, and recursive setpoint correction.
It is therefore able to compensate for gradual or abrupt disturbances, including grinding-
media wear, diaphragm clogging, sensor drift, and variations in raw-material properties,
without relying exclusively on directly measured variables or recurrent manual retuning.

The system was implemented in two full-scale cement mills processing multiple com-
mercial cement recipes under routine production conditions. The study evaluates whether
this architecture can reduce specific energy consumption and increase production perfor-
mance while maintaining operational continuity and compliance with product-quality
requirements. The industrial validation also examines whether continuous recalibration
can sustain system performance under changing plant conditions. These characteristics
distinguish the proposed approach from static or purely data-driven control solutions and
define its scientific and practical added value.

2. Process Description

The cement manufacturing process involves several stages from the extraction of
raw materials to the final grinding of the product. This process includes crushing, ho-
mogenizing the materials, and grinding the clinker along with its addition to obtaining
the final product [2]. Figure 1 summarizes the different processes involved in cement

manufacturing:
PRIMARY RAW MATERIALS PRIMARY FUELS MOISTURE REGULATORS
LIMESTONE, LIME, LOAM, CLAY COAL, PET COKE, FUEL, GAS GYPSUM, ANHYDRITE
SECONDARY RAW MATERIALS ALTERNATIVE FUELS HYDRAULIC ADITIVES
SILICA, SLAG, SAND, PYRITE NFUS, CTR, SEWAGE SLUDGE ASHES, POZZOLANA
RAW MEAL CLNKER CEMENT
PREPARATION v 4 CLINKERING v 4 MILLING

Figure 1. Cement manufacturing: processes, raw materials, and fuels.

The grinding stage determines the final granulometry and strongly influences cement
quality. It is also one of the most energy-intensive stages of the process [5]. To contextualize

https://doi.org/10.3390 /jmmp10080270


https://doi.org/10.3390/jmmp10080270

J. Manuf. Mater. Process. 2026, 10, 270 5 of 25

the importance of the grinding stage in terms of energy consumption and its impact on
manufacturing costs and emissions, Figure 2 provides a detailed analysis that allows us to
identify, in percentage terms, the specific energy requirements associated with each stage
of the complex cement manufacturing process.

45
40
35
30
25
20
15
10
5
0 — | -

Cement Raw Fuel Quarry / Ckburning / Packing /
Grinding Material Grinding Crushing Cooling Shipping
Grinding

Figure 2. % Energy demand in the cement industry [33].

The process of grinding raw materials in the cement industry is conducted using
horizontal ball mills, vertical roller mills, or hydraulic presses. Numerous studies have
studied and compared different grinding technologies [6] and concluded that vertical roller
mills can save up to 30% of grinding energy compared to the use of conventional ball
mills [34].

Historically, ball mills have been the predominant choice for cement grinding and
are widely used. These mills, known for their robustness and reliability, allow for a wide
particle size distribution, which is beneficial for cement workability [2]. However, they
have high energy demand and lower grinding efficiency than vertical mills. Despite these
disadvantages, ball mills are still popular because of their ability to produce high-quality
cement with increased specific surface areas required for certain types of cement and their
lower initial cost.

Cement grinding uses two main horizontal mill configurations: an open circuit, where
the material passes once, and a closed circuit, where it recirculates until it reaches the
desired fineness. Closed-circuit mills offer key benefits including higher energy efficiency,
better control of particle size, improved cement quality, and lower operating costs. This
study focused on optimizing the closed loop grinding process, as illustrated in Figure 3,
where the arrowheads indicate the direction of material and gas flow.

Raw material feeders initially supply material to the grinding circuit in appropriate
quantities and proportions. The dosed material was transported inside a ball mill using a
belt system. Inside the mill, the material was dried by the flow of hot air that ventilated it
and crushed by the impact and friction generated by the steel balls, which were lifted by
the plates fixed to the interior of the rotating mill, thus reducing the size of the particles.

The distribution of the balls along the mill was optimized to allow the grinding of raw
materials of great hardness and size in the first chamber, and at the same time to achieve a
particle size suitable for the quality of cement to be manufactured in the second chamber.
When the material reduces in size sufficiently, it is carried by the flow of warm air through
the mill to the separator located at the top, which is responsible for classifying the particles
according to their size. Finally, the airflow with the ground material particles was filtered
to recover the material stored in the homogenization silos.

https://doi.org/10.3390 /jmmp10080270


https://doi.org/10.3390/jmmp10080270

J. Manuf. Mater. Process. 2026, 10, 270 6 of 25

MW cunker [ Gypsum [ LIMESTONE Il SEPARATOR DRAFT
g g g B SEPARATOR SPEED I @
(\
@ 9 @ ® @ ® M I =
| ‘ I SEPARATOR FAN SPEED
HE MILL FAN SPEED HE FRESH FEEDING
[ B CEMENT FINENESS
@)
=
W REECT
H MILL DRAFT
I ELECTRONIC EAR Il MAIN DRIVE I PROCESS VARIABLE
B MILL FILLING DEGREE [l ACTUATOR

Figure 3. Flow diagram of a closed-loop cement grinding plant.

From an operational perspective, the closed-loop configuration creates a strong dy-
namic interaction between grinding capacity, separator efficiency, and material recirculation.
If classification efficiency decreases, the reject flow increases, raising the internal mill load
and specific energy demand. Conversely, stable separation and controlled recirculation im-
prove throughput, reduce overgrinding, and enhance product consistency. This behaviour
explains why simultaneous regulation of feed rate, separator conditions, and internal load
is essential for efficient mill operation.

In general, the performance of a horizontal ball mill is strongly influenced by multiple
uncontrolled variables that directly affect process efficiency and operational stability. The
main influencing factors are as follows:

e  Target cement fineness and quality requirements.
e  Material hardness.

Feed particle size distribution.

Material moisture content.

Wear condition of the grinding media.

Mill diaphragm condition and clogging level.
Internal mill temperature.

Temperature of the material entering the mill.
Ambient and seasonal operating conditions.

Sensor drift and measurement reliability.

In addition, operators traditionally adjusted several actuators to compensate for distur-
bances, maintain stable operation, and maximize performance. The principal manipulated
variables were as follows:

Fresh feed setpoint to the mill.
Total feed setpoint to the mill.
Grinding additive dosage setpoint.
Separator filter fan speed setpoint.
Mill fan speed setpoint.

Separator rotational speed setpoint.
Reject flow setpoint.

Total mill filling degree setpoint.

https:/ /doi.org/10.3390/jmmp10080270
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e  Electronic ear setpoint.
e  Mill outlet draft/inlet depression setpoint.

Owing to multiple uncontrolled variables, a complete mathematical model of cement
grinding remains difficult to establish. However, available data, operational experience, and
appropriate analytical tools can still be used to determine efficient operating conditions [35].

3. Methods

This study was designed to evaluate whether a self-adaptive expert system can im-
prove the operational performance of industrial cement grinding under real production
conditions. In particular, it addresses the following research questions: (RQ1) Can a self-
adaptive expert system improve the energy efficiency of industrial cement grinding under
real operating conditions? (RQ2) Can the proposed system increase production perfor-
mance while maintaining process stability and product quality? (RQ3) Can autonomous
recalibration mechanisms sustain effective operation under changing plant conditions such
as wear, clogging, sensor drift, and raw material variability? Based on these questions, the
following hypotheses were formulated:

H1. the implementation of the proposed system reduces specific energy consumption compared with
conventional manual operation;

H2. the proposed system increases production throughput without compromising operational
stability; and

H3. continuous adaptive recalibration enables sustained performance without frequent man-
ual retuning.

To test these hypotheses, an industrial validation design was implemented under real
production conditions in two cement mills operating with multiple commercial cement
recipes and variable process conditions representative of normal plant operation. Perfor-
mance was assessed by comparing manual and Expert System operation using production
rate and specific energy consumption as the principal measured indicators. The study did
not include CO,-circulation, capture, or removal experiments. Any associated reduction in
companies’ carbon footprint was estimated indirectly from the measured electricity savings
using the stated electricity-emission factor. The use of two independent mills and several
product types increased the representativeness of the validation and allowed the robustness
of the proposed approach to be evaluated across different operating scenarios.

Particular attention was given to potential confounding variables that could influence
the comparison, including variations in raw material hardness, moisture, and granulometry;
differences among cement recipes and target fineness; seasonal or ambient operating
conditions; progressive wear of grinding media and internal components; sensor drift;
and occasional operator interventions. Their effect was mitigated by analysing results
under normal industrial operation across multiple products, using two independent mills,
disaggregating performance by recipe, and evaluating improvements only after sufficiently
stable operating periods. The methodological framework adopted for the expert system
was structured to ensure technical rigor, practical applicability, and long-term sustainability
within the industrial cement grinding context.

The process began with a thorough examination of the facility’s operational conditions,
with the aim of identifying inefficiencies, sources of variability, and opportunities for opti-
mization. This initial diagnostic stage provided a foundation for defining key performance
indicators and aligning project goals with broader priorities such as energy efficiency,
process stability, and product quality. Close collaboration with process engineers, plant
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operators, and automation specialists ensured the resulting system would be compatible
with the existing control environment and responsive to site-specific operational dynamics.

A critical component of the methodology was the early identification and analysis
of potential challenges that could undermine implementation success. These included
technical difficulties—such as changes in grinding media load, sensor drift, diaphragm
obstructions, and non-linear process behavior—as well as human and organizational factors
like operator acceptance, insufficient training, and disengagement over time. Addressing
these risks from the outset enabled the design of a resilient and flexible control architecture
capable of real-time adaptation, self-adjustment, and reliable performance under diverse
operating conditions. Emphasis was placed on integrating predictive logic, adaptive
setpoint calibration, and autonomous fault detection to reduce dependency on fixed rule
sets. The system’s modular and transparent design allows for seamless updates and
future scalability.

Based on this foundation, the implementation proceeded through a structured engi-
neering cycle including conceptual modeling, knowledge acquisition, control algorithm
configuration, simulation testing, and real-world deployment. Each phase incorporated
validation and refinement to ensure consistency with operational requirements and adapt-
ability across different production scenarios.

3.1. Identification of Implementation Challenges

Despite the clear advantages of incorporating an expert system, significant challenges
must be overcome to ensure its success. One of the main challenges is integrating the system
with the existing infrastructure, which requires meticulous planning and coordination.
In addition, the complexity of the grinding process requires the development of highly
accurate models that require continuous refinement and validation to ensure their accuracy.
No less important is the need to foster cultural change within the organization, training
operators, and engineers to understand and trust the system and promote a sustained
commitment to continuous process improvement.

Experience has shown that many expert systems lose effectiveness after the first
months of operation because they are based on fixed assumptions that gradually diverge
from real plant conditions. To overcome this limitation, the proposed self-adaptive ex-
pert system was designed using a cascade control architecture in which the only fixed
supervisory reference is the reject flow rate. This variable represents the desired recircula-
tion condition of the grinding circuit. All other setpoints are continuously recalculated by
subordinate control loops according to real-time plant response. As a result, the system is in-
herently robust against sensor drift, wear phenomena, and changing operating conditions:

Modification of the load of grinding bodies inside the mill. The absorbed motor
power depends not only on the material hold-up but also on the grinding media charge,
which changes progressively because of wear and periodic replenishment. Instead of using
a permanent fixed power target, the system adapts the filling-degree references according to
the reject-flow response and achieved process performance. This allows stable optimization
even when the grinding media condition changes over time.

Electronic ear decalibration. The electronic ear is an important indirect indicator
of first-chamber filling degree; however, its signal may drift because of changes in ball
load, material properties, humidity, or sensor aging. For this reason, the expert system
does not operate with a fixed electronic-ear reference. Once the total filling objective
is achieved, the electronic ear setpoint is synchronized dynamically with the current
validated operating value, allowing automatic compensation for progressive decalibration
or changing acoustic conditions.

https://doi.org/10.3390 /jmmp10080270
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Partial occlusion of the mill diaphragm. During prolonged operation, the outlet di-
aphragm may progressively become obstructed, reducing discharge capacity and affecting
reject circulation. When this occurs, the reject-flow controller detects that the desired recir-
culation target cannot be maintained under previous conditions. The system then increases
the total mill filling degree, within safe operating limits, to raise the internal transport
of material and recover the outlet flow. After maintenance or cleaning, the setpoints are
automatically readjusted to the new plant condition.

Total occlusion of the mill diaphragm. In severe cases, sudden blockage may in-
terrupt material discharge completely. Conventional controllers may react incorrectly by
increasing feed rate. In contrast, the proposed expert system recognizes the abnormal col-
lapse of reject flow together with filling-related constraints and executes protective actions,
including rapid feed reduction and stabilization logic, to prevent prolonged stoppages and
facilitate recovery.

Unidentified potential problems. Because the architecture is modular and transparent,
new rules and supervisory conditions can be incorporated whenever plant engineers
identify additional sources of inefficiency or instability. This ensures long-term adaptability
and continuous improvement without redesigning the complete control structure.

3.2. Definition of the Control Strategy and Modelling Approach

To evaluate the impact of the proposed implementation on operational efficiency and,
consequently, on the reduction in variable cement manufacturing costs, two key perfor-
mance indicators were selected: Production rate was defined as the average cement output
of the mill, measured in tonnes per hour (t/h) using the plant weighing and material
flow measurement systems. Specific energy consumption was defined as the electrical
energy demand of the grinding circuit per unit of produced cement, expressed in kilowatt-
hours per tonne (kWh/t). Both variables were continuously recorded through the plant
automation and supervisory monitoring system using the standard industrial instrumen-
tation available at the facility. In general, an increase in production rate reflects a more
efficient and cost-effective operation, whereas a reduction in specific energy consumption
indicates more efficient energy use and contributes to the sustainability of the cement
manufacturing process.

Among the variables governing grinding performance, the most critical are the mill
filling degree and the recirculation factor. Within an appropriate operating range, increasing
the recirculation factor may enhance system performance; however, an excessive filling
degree can reduce grinding efficiency. When the operating limit is exceeded, the poten-
tial energy of the grinding media becomes insufficient to effectively fracture the material.
Grinding energy demand is also influenced by particle size, material hardness, and the
distribution of the grinding bodies. Because these operating conditions vary continu-
ously, the optimal operating point must be continuously adjusted to maintain stable and
efficient performance.

The proposed Expert System was developed to ensure stable operation through dy-
namic adjustment of the key process variables, with the objectives of maximizing produc-
tion, improving grinding efficiency, and maintaining final product quality. The system
adapts to process variations through a hierarchical self-adaptive control architecture com-
posed of three complementary algorithms operating simultaneously. First, a rule-based
supervisory layer translates the empirical knowledge of experienced process engineers into
transparent decision rules. This layer evaluates current operating conditions, production
targets, and plant constraints—such as maximum reject flow, mill draft limits, motor load,
and quality requirements—to determine feasible control actions while preventing unsafe
or inefficient operating states.
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Second, recursive setpoint correction routines continuously update the reference
values of key variables, including reject flow, total mill filling degree, separator speed, and
electronic ear targets, according to the recent dynamic response of the process. Rather than
relying on fixed calibration values, the system learns from observed operating behaviour
and progressively compensates for slow disturbances such as grinding media wear, partial
diaphragm clogging, sensor drift, seasonal variations in material moisture, and changes in
clinker hardness or granulometry. This adaptive mechanism preserves control stability and
process performance over time without repeated manual recalibration.

Third, a multivariable gradient optimization routine searches for improved operating
conditions by applying small, coordinated changes to selected variables and evaluating
their effect on the performance indicators under sulfficiently stable conditions. Only modifi-
cations that produce a statistically significant reduction in kWh/t, an increase in throughput,
or a simultaneous improvement in both objectives are retained. If performance deteriorates,
the change is rejected and the previous setpoints are restored.

Through the coordinated interaction of these three layers, the system continuously
regulates feed rate, ventilation, recirculation factor, mill filling degree, and classification
conditions in real time, allowing the mill to operate close to its instantaneous optimum
despite nonlinear dynamics and changing process conditions.

The development of the proposed model required a detailed analysis of the facility
and of the interactions among the key variables, which is a fundamental step in the design
of any Expert System based on Symbolic Al This modelling process was carried out in
collaboration with process engineers and plant operators to define the most appropriate
control strategy for maximizing operational efficiency. To address the complexity of the
installation, a comprehensive framework was established to evaluate both the individual
subprocesses and the interdependence among the variables, including the performance
indicators defined above. This methodology enables integrated process management and
ensures accurate and efficient control under all operating scenarios considered.

Figure 4 presents a block diagram of the dynamic improvement strategy implemented
by the self-adaptive Expert System, highlighting the regulators and control loops involved
in cement grinding optimization. The diagram integrates advanced process control (APC),
fuzzy logic, and conventional PID regulation within a unified framework. It illustrates
the real-time interaction among key operating variables such as mill filling degree (%),
separator speed (%), reject flow (t/h), and specific energy consumption (kWh/t), together
with critical constraints including inlet depression (mbar) and maximum allowable reject
(t/h). The adaptability of the system is reflected in its ability to dynamically adjust fresh feed
according to total feed and process feedback, thereby enabling continuous optimization of
energy efficiency and production stability. In the diagram, the different colors distinguish
the control modules and process variables, while the arrows indicate the direction of
information, reference, and feedback signals between the system components.

The different control modules operate in a coordinated hierarchical structure rather
than as independent loops. At the supervisory level, the optimization layer determines the
most suitable operating targets according to energy efficiency, throughput, and process
constraints. These targets are then implemented by the regulatory modules. The filling
degree controller stabilizes the internal material load of the mill, while the electronic ear
loop provides a real-time indicator of first-chamber conditions and enables rapid correction
of feed disturbances. In parallel, separator control regulates classification efficiency and
recirculation behavior, directly influencing reject flow and final product fineness. Because
these variables are strongly coupled, changes in one module affect the others; therefore, the
proposed architecture continuously updates their references in a coordinated manner to
maintain stable and efficient operation under changing industrial conditions.
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Figure 4. Block diagram of the regulation of the Self-Adaptive Expert System.

This coordinated strategy improves system behaviour under industrial disturbances
such as variations in feed properties, moisture, or grinding media condition. Fast regulatory
loops absorb short-term fluctuations, whereas the supervisory layer progressively shifts the
operating point toward lower specific energy consumption and higher production. As a re-
sult, the control structure combines local stability with continuous plant-wide optimization.

3.2.1. Advanced Process Control (APC) Module: Minimization of Specific
Electrical Consumption

The control strategy implemented in the plant begins with an Advanced Process
Control (APC) module specifically designed to minimize specific electrical consumption
(kWh/t) while preserving throughput, process stability, and final cement quality. This
supervisory optimization layer continuously monitors the operating state of the grinding
circuit and updates the most influential manipulated variables, including mill ventilation
airflow, reject-flow target, separator operating conditions, and other related setpoints that
directly affect grinding efficiency. Because electrical consumption is strongly coupled with
production rate and classification performance, improvements achieved in this module
also enhance the overall productivity and consistency of the installation.

The optimization logic is based on a multivariable gradient-search procedure executed
online under real production conditions. At each iteration, the system applies small,
coordinated perturbations to one or more selected variables and observes the resulting
response of the key performance indicators, particularly kWh/t and production rate (t/h).
The direction and magnitude of subsequent moves are determined from the measured trend
of these indicators, allowing the controller to progress toward more efficient operating
regions without requiring a complete first-principles model of the process.

To ensure reliable decisions, each proposed operating point is evaluated only after
a sufficiently long period of stable operation. This filtering stage reduces the influence
of transient effects and uncontrolled disturbances such as variations in clinker hardness,
material moisture, internal mill temperature, feed granulometry, or separator adjustments.
A new set of references is accepted only when the measured improvement exceeds the
recent natural variability of the indicator, represented by its standard deviation, and all
operating constraints remain satisfied.
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If no statistically significant benefit is confirmed, the previous setpoints are restored
and an alternative search direction is tested. Through this conservative and adaptive
strategy, the APC module continuously tracks improved operating conditions over time
and maintains robust performance under changing industrial conditions.

3.2.2. Reject Control Module

The reject flow setpoint set by the advanced control module defines the recirculation
factor of the grinding plant. This parameter represents the proportion of material that,
in relation to the total feed, does not reach the desired fineness after passing through the
mill, and therefore must be recirculated. Because the recirculation factor directly influences
the efficiency of the separator and the overall installation performance, effective control
is essential.

The reject flow rate was regulated by a fuzzy controller that used the total filling
degree of the mill as its main actuator. Generally, an increase in this grade is required to
increase the reject flow. However, occasionally, the mill outlet partition can become clogged,
preventing material from being ejected, even with proper filling. In such situations, the
system makes an opposite adjustment, reducing the degree of filling to facilitate the exit of
the material.

When the regulator reaches its setpoint, the system records the actuator value, specifi-
cally the degree of the total mill fill associated with each recipe. This procedure not only
establishes a new value but also ensures that the facility operates efficiently, even during
scheduled changes in material quality.

3.2.3. Filling Degree Control Module

The total filling degree of the mill is defined as the sum of the filling degrees of
the first and second chambers, calculated from the power absorbed by the motor, and
normalized using the maximum and minimum historical values. This provided a dynamic
reference adjusted for real-time operating conditions. The optimization of this parameter
is particularly complex because of the influence of the ball load, which varies over time
and affects the calculation of the reference. Therefore, the system dynamically adjusts the
setpoint of the total filling degree to ensure an adequate reject flow in all circumstances.

The advanced control system employs a PID regulator that precisely adjusts the total
fill rate, using the fill rate in the first chamber as an actuator. This regulator considers at
the same time some operational restrictions, such as inlet depression and the maximum
height of material allowed in the first chamber, to avoid overloads or imbalances. Once the
optimum filling degree is reached, the system synchronizes the setpoint of the electronic
ear with its actual value, thus ensuring the process stability and efficient operation of
the system.

3.2.4. Electronic Ear First Chamber Control Module

The degree of filling in the first chamber is determined by an instrument known as
an electronic ear, which records the sound generated by the impact of the balls against the
material inside the mill. The data collected by this sensor establishes a direct correlation
with the amount of material present, so that variations in sound reflect changes in the level
of filling. It is important to note that the sound captured is influenced by several factors,
such as humidity, fineness of the material, and load of the balls.

For this reason, the proposed Expert System does not rely on a fixed calibration value.
Instead, the electronic ear reference is continuously synchronized with the current stable
operating condition of the mill, and its target is dynamically updated according to process
response and supervisory control objectives. This adaptive recalibration mechanism allows
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the signal to remain meaningful over time while preserving stable filling control under
changing production conditions.

To control the degree of filling in the first chamber, a cascade PID regulator was used to
adjust the total feed to the mill, consisting of the reject material flow rate and fresh feed flow.
This method not only ensures effective control of the fill but also mitigates fluctuations in
the reject, considering constraints such as the maximum allowable reject, minimum inlet
depression, and maximum power in the reject elevator. The regulator operates in three
working ranges, adapting to the magnitude of the error and its trend, allowing it to adjust
its behavior according to the conditions of the mill, thus favoring stability and reducing
transitions caused by feed cuts or stoppages.

3.2.5. Fresh Feed Compensation Calculation

A key control objective is to determine the appropriate balance between fresh feed
and recirculated reject material entering the mill. Because fluctuations in reject flow can
disturb the filling degree of the first chamber, the control system continuously compensates
for the effect of the return stream when calculating the fresh feed setpoint. In this way,
the regulator acts on the effective total feed to the mill, improving process stability and
minimizing unnecessary oscillations during normal operation. The corresponding control
parameters are established during commissioning and refined according to plant behavior
and production requirements.

3.3. System Development

The following is a description of the fundamental stages implemented throughout
the development and implementation of the proposed self-adaptive expert system aimed
at ensuring the optimization of the industrial cement grinding process and its effective
integration into the production environment:

Analysis of the context and needs.

Problem choice.

Conceptualization.

Acquisition of knowledge.

Selection of tools.

Application development.

Computer simulation and validation.
Implementation in an industrial environment.

W o NG N

Validation of performance results.

—_
b

Maintenance and continuous improvement.

3.3.1. Analysis of the Context and Needs

Context and needs analysis were the critical initial stage in the development of the
expert system, providing a detailed understanding of the operating environment and the
specific challenges of the facility. At this stage, a thorough evaluation of the cement grinding
process was conducted, covering both the operating procedures and the characteristics of
the equipment and its potential limitations. Key operating variables, nature of the processed
material, performance indicators, and quality parameters were analyzed in depth, with the
aim of identifying critical areas that required improvement.

This analysis made it possible to determine the key aspects that the new system had to
address, such as the optimization of energy efficiency, stabilization of operating conditions,
and rigorous control of product quality. In addition, bottlenecks and workflow deficiencies
that affected productivity and increased operating costs were identified, providing clear
guidance for the design of targeted interventions. In this way, a solid foundation was
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established for the subsequent phases of the project, ensuring that the system responded
to the strategic needs of the plant and incentivized the process of continuous operational
improvement at the facility.

3.3.2. Problem Choice

Interviews were conducted with specialized personnel from plants involved in indus-
trial development to precisely define the objectives of the new facility. The identification
of the problem, in collaboration with experts from the European Technical Centre, was
based on rigorous criteria of operational efficiency, sustainability, and economic viability.
The detailed analysis concluded that the priority should be to minimize specific energy
consumption in cement grinding and reduce associated emissions while maintaining the
quality of the final product, which is essential to compete in a highly demanding industrial
context, where operating margins are critical for competitive viability and adaptation to
increasingly stringent environmental regulations.

In addition, considering that many applications lose functionality over time owing to
their lack of adaptation to changing conditions, it was concluded that the system should
be flexible and self-adaptive and capable of automatically adjusting its parameters in
response to operational variations. Finally, the importance of the system being integrated
in a transparent manner into the plant’s control infrastructure is highlighted, making it
easier for personnel to manage, maintain, and optimize the system without interrupting
the production process. This ensures long-term sustainability and efficiency, ensuring that
the system evolves along with the production needs.

3.3.3. Conceptualization

The conceptualization stage focused on developing a detailed structure of the expert
system based on the results obtained in the previous phases of analysis and selection of
the problem. The fundamental components of the system, its overall architecture, and the
interrelationships between them are defined to ensure that everything is aligned with the
strategic and operational objectives of the plant.

A conceptual model was developed that represented the information flows and control
mechanisms of key variables, which facilitated the identification of critical areas and made
it possible to foresee bottlenecks in the process. This anticipation of operational difficulties
allowed the integration of preventive solutions from the beginning, thereby optimizing the
design of the system.

On the other hand, the interdependencies between the different subsystems were
evaluated, and the necessary protocols were defined to ensure efficient control and fluid
communication. Priority was given to the design of a modular and flexible structure
capable of adapting to future adjustments or expansions without compromising operational
stability. Taken together, the conceptualization provided a coherent framework that guided
the detailed design, ensuring the effective integration of the system into the plant’s existing
infrastructure and its long-term viability.

3.3.4. Acquisition of Knowledge

Knowledge acquisition is a fundamental stage in system development and focuses
on gathering the expertise needed to build the rule base. This includes the collection of
historical data and interviews with operators and cement production experts, as well as
documentation on best practices and ideal operating conditions.

An analysis of the historical records was conducted, considering critical parameters,
such as specific energy consumption (kWh/t), mill operating conditions, material prop-
erties, and product quality. This analysis makes it possible to identify key correlations
and establish an empirical framework for generating operating rules. Likewise, structured
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elicitation techniques were used to capture the tacit knowledge of operators and engineers
derived from their experience in process management. Through interviews and work-
shops, effective heuristics and strategies were identified to oversee operational variations
such as fluctuations in material properties and production demands. Finally, the collected
information was structured through systems based on rules and decision trees, which
are typical of Symbolic Al These tools provide a logical and transparent framework that
allows modelling of the relationships between operational variables, ensuring the system’s
ability to adapt in real time and maintain interpretability and efficiency under changing
production conditions.

The resulting rules were initially formulated from this combined knowledge base and
subsequently reviewed by experienced process engineers and plant operators to verify
their technical consistency, operational relevance, and compatibility with plant constraints.
Before industrial deployment, the rules were tested under simulated operating scenarios
to evaluate their expected responses to disturbances, changing production demands, and
abnormal conditions. Following implementation, the rule base was further refined during
commissioning through iterative adjustments based on the observed plant behaviour and
measured process performance. This staged validation procedure ensured that the final rule
set was both theoretically coherent and practically effective under real industrial conditions.

3.3.5. Selection of Tools

In a highly competitive industrial environment, it is critical to ensure that applications
are easily maintainable and that specialized plant personnel promote continuous improve-
ment. For this purpose and to simplify the programming process, it was decided to develop
the application on top of the existing control system, the Siemens PCS7 V10 SP1 suite, a
widely recognized platform in the industry that offers a comprehensive set of tools for
automation and process control.

The choice of PCS7 made it easier to incorporate the application into the operating
environment of the plant, highlighting its robustness and flexibility. Within this suite, tools
such as Simatic Step 7 V5.4 and WinCC V8.0 were used. The Simatic Manager offered an
advanced environment for the development and configuration of Programmable Logic
Controllers (PLCs) responsible for processing the code of the expert system. This approach
simplified programming, allowed for better understanding and acceptance of the system
by specialized personnel, and ensured its long-term maintenance. In addition, by ensuring
efficient interaction between components, communication problems between applications
are avoided, thereby optimizing the flow of information.

In contrast, the WinCC tool was used for the development of graphical Human-
Machine Interfaces (HMlIs), which are essential for visualizing and understanding the
process and behavior of the system in real time. Owing to its ability to manage large
volumes of data and its seamless integration into the PCS7 suite, WinCC enables a clear
and accessible visualization of key operating parameters, making it easier for control
room operators to make informed decisions and evaluate application performance in an
effortless manner.

3.3.6. Application Development

The development stage of the application focused on the construction and program-
ming of the expert system following the specifications and conceptual bases previously
defined. This process involved the implementation of inference engine logic designed to
process the system rules and generate concrete actions that optimize the performance of
the cement grinding process. The algorithms were structured to analyze data in real time,
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allowing dynamic adjustments to the operating parameters, such as the recirculation factor
or the degree of mill filling.

The implementation was supported by Siemens” APL V10.0 SP1 (Advanced Process
Library), which allowed the selected algorithms to be efficiently integrated into PLCs. These
were configured using Simatic Manager to ensure smooth interaction with the sensors and
actuators involved in the process. As part of this stage, specialized modules capable of
interpreting the rules of the expert system and responding accurately and efficiently to
variations in the operating conditions were programmed.

In parallel and in close collaboration with plant personnel, graphical interfaces were
developed using the WinCC application. These interfaces were designed with a focus on
simplicity and adaptability, providing operators with an intuitive tool to monitor the key
operational variables in real time. In addition, the necessary functionality was included for
operators to interact with the expert system, allowing them to make informed decisions
and adjust when circumstances are required.

3.3.7. Computer Simulation and Validation

Next, a computer simulation of the application was carried out to validate its operation
and ensure the correct integration of all components of the system in a controlled environ-
ment. The main objective of this phase was to minimize operational risks and maximize
the chances of success before actual implementation in the plant. To do this, the Siemens’
S7-PLCSIM V5.4 simulation tool was used, which allowed the precise recreation of the
operating conditions of the industrial process. Advanced simulation models were used
to replicate various situations, simulate variations in operating parameters, and evaluate
how inference algorithms adjust operational setpoints in real-time. This process makes
it possible to observe how the system responds to different combinations of conditions,
making it easier to identify failures or areas for improvement. Consequently, adjustments
were made to the algorithms to further optimize the performance and efficiency of the
system, ensuring that the model operated within the desired margins.

In parallel, exhaustive validation of the designed graphic interfaces was conducted to
evaluate their ability to present the data in a clear and accessible way. The ease of use for
operators was also evaluated to ensure that they could efficiently interact with the system
during operation. This phase was crucial to ensure that all the tools were functional and
robust for the final implementation.

3.3.8. Implementation in an Industrial Environment

Once the simulation and validation in a controlled environment were completed, the
self-adaptive expert system was implemented in a real plant, which involved a meticulous
transition from a test environment to an industrial operating environment. The process
began with the physical installation of PLCs and the connection of sensors and actuators to
the plant’s existing infrastructure, using the Siemens PCS7 platform to ensure compatibility
and stability of the system within the control environment.

The implementation was carried out gradually with the aim of minimizing any impact
on the plant’s day-to-day operations. The expert system is integrated step-by-step into
the grinding process, continuously monitoring the key process parameters. During this
phase, the behavior of the system and its interaction with the industrial process were
monitored in real time, allowing any variation in the operating conditions to be detected
and programming adjusted according to needs.

Particular attention was paid to the correct interaction of the system with existing
infrastructure and equipment. In addition, the operational staff were trained to ensure that
they could operate the graphical interfaces effectively. This allowed operators to monitor
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the system performance and make manual adjustments when necessary, ensuring that the
system is operated effectively within the industrial environment.

3.3.9. Validation of Performance Results

The performance results were validated to evaluate the direct impact of the self-
adaptive expert system on the cement grinding process after implementation in an indus-
trial environment. This phase was crucial for confirming that the objectives previously set
by the plant personnel were being met effectively.

During the validation process, continuous measurements were made of key indicators
such as energy consumption, production capacity, and cement quality. These data were
compared with the values prior to the implementation of the system, allowing a compara-
tive analysis of performance. Special attention was also paid to the stability of the process,
ensuring that the system could adapt autonomously to operational variations without
compromising the results.

In addition, specific tests were conducted to verify the system’s ability to manage
contingencies and unforeseen variations in operating conditions, such as fluctuations in ma-
terial quality or production demands. The results confirmed that the system optimized the
use of resources and improved the consistency of the process, contributing to a significant
reduction in operating costs and an increase in the overall productivity of the plant.

3.3.10. Maintenance and Continuous Improvement

Despite the capabilities of applications based on symbolic Al to manage complex
industrial facilities, their main limitation is the absence of machine learning. This makes
constant maintenance and updating of the system critical for ensuring its relevance and
long-term effectiveness.

The maintenance of the expert system aims to incorporate new knowledge and adjust
its inference rules to respond to changes in operating conditions or the demands of the
production process. These adjustments allow the system to not only retain its original
functionality but also improve its performance, adapt to emerging technologies, and
optimize cement grinding in the face of future challenges.

Concurrently, the constant training of operational personnel is key to maximizing
the benefits of the system. Through management- and diagnostics-oriented training, it is
ensured that the team is prepared to take full advantage of the system’s capabilities, adjust
when necessary, and participate in its evolution.

This comprehensive approach, which combines technical upgrades with the strength-
ening of human skills, ensures that a self-adaptive expert system maintains its strategic
value over time. By operating effectively under changing conditions and promoting a
process of continuous improvement, it consolidates itself as an indispensable resource for
the plant, promoting sustainability, efficiency, and competitiveness in the long term.

4. Results and Discussion

The system presented in this study was designed to address the dynamic complexities
of cement grinding, which is characterized by nonlinear interdependencies and variable
conditions. The results obtained under real operating conditions provide an assessment of
the impact of the proposed self-adaptive expert system on key performance indicators in
cement grinding.

This system is distinguished from existing solutions by its ability to integrate symbolic
Al with advanced closed-loop process control algorithms, thereby providing real-time ad-
justments based on a modular and adaptable model. Unlike traditional systems that rely on
fixed configurations and constant operator monitoring, the self-adaptive approach allows
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for a dynamic response to changes in raw material properties and operating conditions,
thereby significantly reducing human intervention and associated costs.

4.1. Operational Performance

The implementation of a self-adaptive expert system in cement grinding presents a
significant opportunity to optimize the performance and energy efficiency in an industry
characterized by its high demand for resources. However, to accurately assess its impact, it
is essential to analyze a sufficiently extended period that considers the variations inherent
in the process. Factors such as the chemical composition and physical properties of the raw
materials, such as grain size, hardness, and moisture, directly affect the system performance.

In this study, the results obtained under two operational scenarios were analyzed:
with the Expert System activated and in conventional manual mode. The manual reference
condition corresponded to normal industrial operation conducted by trained and expe-
rienced control-room operators following the plant’s established procedures and using
the same instrumentation available to the automated system. Therefore, the comparison
does not reflect a contrast with suboptimal operation, but rather an evaluation of the
additional benefits provided by continuous supervisory optimization, faster response to
process changes, and more consistent setpoint adjustment. Additionally, two cement mills
operating under comparable industrial conditions were included to ensure that the findings
were sufficiently representative.

To correctly analyze the real impact of the implementation carried out in the operation,
it is essential to analyze the results in a disaggregated manner, since each cement recipe
has needs in terms of material fineness, recirculation factor, clinker content, and grinding
additive that affect the specific associated energy consumption and therefore the potential
results. This variability makes it necessary to adapt optimization strategies to address the
specific requirements of each type of product.

The data presented below were continuously recorded in real time by the Expert
System during normal industrial operation and consolidated into monthly integrated per-
formance records through the system’s statistical interface. The monitored variables were
sampled automatically by the plant automation system and aggregated for comparative
analysis using standard production reporting procedures. These records include the main
operating indicators used for validation and covering two cement mills, multiple commer-
cial cement recipes, and different production conditions representative of routine plant
operation. This dataset enabled detailed performance comparisons under diverse industrial
scenarios while also supporting the continuous improvement of the application over time.

Tables 1 and 2 present the disaggregated performance data by recipe and installation,
enabling the identification of a general improvement in the main operating indicators under
different production scenarios. Considering all valid comparative cases reported for the
two facilities, the Expert System (ES) achieved an average increase in output of 33.3% and
an average reduction in specific energy consumption of 20.0%. These aggregate results
correspond to the unweighted arithmetic mean of the 12 valid recipe-level comparisons
reported in Tables 1 and 2. In addition, for CEM IV/A (V) 42.5 R/SR, one of the most
representative products analyzed in this study, output increased by 11.0%, while specific
energy consumption decreased by 9.3% during the evaluated period.

These initial gains were particularly significant because they corresponded to the
implementation phase, during which intensive real-time supervision and continuous fine-
tuning were carried out to consolidate the new control strategy. Over extended operation,
the system continued to maintain positive improvements in energy efficiency compared
with the previous historical performance of the plant, confirming the long-term robustness,
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adaptability, and practical relevance of the proposed self-adaptive system under normal
production conditions.

Table 1. Disaggregated operating results for different Mill 3 recipes, with and without the Expert
System (ES) activated.

Previous Month Current Month ES Improvement
ES ES ES ES ES ES ES ES ES ES  Ouout E ES
Off On Of On On Of On Off On On ‘{)/P“ “j/”’gy On
t/h th  kWh/t kWh/t % t/h tth  kWh/t kWh/t % ° ° %
CEM 1525 R 130 167 624 485 956 9.6 168 846 487 958 489 -339 957
CE?ZISI/RA'V 106 175 745 460 960 161 167 500 485 610 280  —241 785
CEM fz';l\é (VL) 100 189 653 435 989 122 188 653 435 989 549 335 989
CEMIV/A (V)
D5 R/SR 95 104 835 765 927 9.2 9.7 86.9 837 340 7.2 —6.0 63.3
CEM III-A Mill
12558 237 368 339 221 83 236 369 342 220 877 55.9 -352 850 3
CEM V-A
35 N.SR 292 265 228 306 9.6 292 265 278 306 9.6 -9.3 21.1 9.6
CEM gz/ S}f VL) 439 148 587 555 306 139 148 587 555 306 6.6 —54 30.6
CEMIII/A ] ] i ] ] i ) i i ] i i )
425N CE
Table 2. Disaggregated operating results for different Mill 5 recipes, with and without the Expert
System (ES) activated.
Previous Month Current Month ES Improvement
ES ES ES ES ES ES ES ES ES ES  Outout E ES
Off On Of On On Off On Off On On “O/P“ “;rgy On
t/h tth  kWh/it kWh/t % t/h tth  kWh/t kWh/t % ° ° %
CEM 1525 R 421 457 618 581 914 440 474 586 559 988 8.2 52 95.1
CEMII/A-V ) ) i ) ] i ) ) i ] ) i )
52.5R
CEM ilzgl\é VL) 360 548 711 479 974 502 554 525 476 935 27.5 —227 955
CEMIV/A (V)
2.5 R/SR 170 253 1506 1036 659 223 198 1154 1287 326 149 —127 492
CEM III-A Mill
125 5R 395 765 628 333 958 395 765 628 333 958 93.9 —470 958 5
CEM V-A
35 N.SR 410 612 639 443 889 362 630 719 426 815 60.8 -360 852
CEM gz/ gl;f (VL) 381 540 682 479 979 468 566 551 459 877 30.2 -239 928
CEMIII/A ) ] i ] ] i ) i i ) i i )
425N CE

A comparison between the two cement mills further confirms the consistency of the
reported results and supports their applicability under different operating conditions.
Despite differences in nominal capacity and product mix, both mills exhibited the same
general tendency toward higher output and lower specific energy consumption when the
Expert System was activated.

Nevertheless, some individual recipes showed limited or negative improvements dur-
ing specific periods. In industrial practice, such cases may occur when the Expert System is
active for only a small fraction of the evaluated time, when strict fineness or quality con-
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straints reduce the available optimization margin, or when the process is already operating
close to its local optimum. Short production campaigns and temporary disturbances associ-
ated with raw material variability, moisture, or maintenance conditions may also influence
short-term indicators. These isolated cases do not alter the overall positive trend observed
across the dataset but rather reflect the normal variability inherent to full-scale cement
grinding processes. This cross-validation under real industrial conditions reinforces the
robustness of the proposed methodology and highlights its potential to optimize complex
grinding operations while maintaining sustained operational stability.

4.2. Efficiency and Sustainability

The improvements presented not only bring substantial economic benefits and con-
tribute to operational excellence but also play a key role in environmental sustainability. In
a typical cement plant that produces 400,000 tons per year, with a typical average consump-
tion of 51 kWh/t of cement, the implementation of the proposed ES to optimize energy
consumption generates annual savings of approximately €140,000 compared with manual
operation, derived from a 9.3% reduction in electricity consumption.

In addition to the economic benefits, these improvements contribute significantly to
the reduction in companies’ carbon footprint. It is estimated that the plant saves 474 tons
of CO; annually, owing to a decrease in electricity consumption, and a carbon emissions
factor of 0.25 kg CO,/kWh.

This effort not only strengthens the plant’s competitive position in the face of de-
manding global environmental standards but also facilitates compliance with international
agreements, such as the Paris Agreement, adopted in December 2015 during COP21. In
addition, in line with the most recent commitments of the United Nations Climate Change
Conference (COP29), the system contributes to achieving more ambitious sustainability
goals such as reducing emissions and transitioning to low-carbon economies. These initia-
tives consolidate the plant as a model for sustainable modernization and environmental
compliance in the cement industry.

In the long term, reductions in CO, emissions are critical for mitigating future regula-
tory risks by aligning with government policies that penalize industries with prominent
levels of energy inefficiency. Likewise, commitment to energy efficiency and sustainabil-
ity contributes to improving the environmental reputation of companies, a factor that is
increasingly valued by both consumers and investors in a global context that demands
greater environmental responsibility.

4.3. Challenges Encountered

Despite the success achieved by the system, its industrial implementation has re-
vealed several significant challenges that highlight the complexity inherent in integrating
advanced technologies into well-established industrial environments. These challenges
span the technological, operational, human, and organizational dimensions, highlighting
the importance of adopting a comprehensive approach that ensures an effective transition
to more efficient, automated, and sustainable operations.

From a technological perspective, the integration of an ES with pre-existing infrastruc-
ture is one of the most complex challenges of a project. Considerable effort is required in
development to ensure the correct interaction between the new algorithms and the plant’s
control system. This process involved adjustments to both hardware and software, with
particular attention paid to actuator timing and real-time processing demands.

Careful selection of programming tools, in collaboration with the plant operating staff,
was also critical to ensure that the algorithms were properly tailored to the specific needs
of the industrial environment. This joint work made it possible to identify the best techno-
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logical solutions for optimizing the performance of the system without compromising the
operation of the plant.

Reliability in the measurement of critical devices is a key factor that directly affects the
installation performance. A prominent example is the calibration of an electronic ear, which
is used to measure the fill level in the first chamber of the mill. Essential for accurate process
monitoring under normal operating conditions, this device is overly sensitive to variations
in mill ball loading, material moisture content, and specific requirements of each cement
recipe. Additionally, different production needs, such as adjustments to product fineness
and clinker content, add an additional level of complexity. To address these challenges,
the design of the self-adaptive ES integrates dynamic adjustment mechanisms capable of
making corrections in real time, adapting not only to operational fluctuations but also to
the specific demands of each recipe and production scenario.

The implementation of the ES also presents human challenges, especially in terms
of training and cultural acceptance. Training operators was essential to ensure a proper
understanding of the system and minimize errors during the transition to an automated
model. The initial resistance, motivated by the reduction in direct intervention in favour
of data-driven supervision, was addressed through the collaborative development of an
intuitive interface that would facilitate the monitoring of the process and understanding of
the decisions made by the ES. Not only did this approach help overcome cultural barriers,
but it also highlighted the benefits in terms of efficiency and reduction in repetitive tasks.
Consequently, operational roles were optimized, allowing operators to focus on strategic
decisions within a highly automated and efficient environment.

Finally, to evaluate the scalability of the system, it was implemented in two cement
mills at the same factory. Despite the operational differences between the two facilities, the
implementation was conducted in a straightforward manner, replicating the application
and adjusting only nominal reference parameters, such as the power of the motors.

Despite these challenges, the system’s ability to manage varying conditions and adjust
to diverse production needs cemented its position as an indispensable tool for dynamic
operations, laying a solid foundation for future optimization and expansion.

4.4. Strategic Relevance

The strategic implications of this self-adaptive ES transcend immediate operational
benefits, positioning it as an essential component of the transition to a more sustainable
and competitive industry. Its ability to improve energy efficiency and significantly reduce
CO; emissions reinforces its contribution in meeting global climate goals and strict environ-
mental regulations, promoting industrial practices aligned with long-term sustainability.

In addition, optimizing industrial processes not only reduces operating costs but
also provides plants with a key competitive advantage in an increasingly demanding
market environment.

The successful integration of the system with the existing infrastructure has not only
benefited the facilities where it was implemented but has also represented a milestone in
the digital transformation of the cement industry. Thanks to its open, scalable, and modular
design, the solution can be adapted to a wide range of plant configurations, enabling
straightforward deployment across diverse operating environments.

Compared with standalone approaches such as conventional PID loops, isolated
MPC schemes, or rule-based expert systems, the proposed architecture delivers superior
operational performance by combining the strengths of these methods within a single
framework. PID modules provide fast and reliable regulatory control, advanced routines
continuously optimize key performance indicators, and the expert supervisory layer applies
process knowledge through adaptive decision-making. Fully embedded as an extension
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of the plant control system, this unified solution offers greater robustness, adaptability,
and sustained long-term performance than any individual control technology operating
alone. Furthermore, its modular nature allows the future incorporation of emerging
techniques, such as ANNs and genetic algorithms, thereby expanding its predictive and
optimization capabilities.

5. Conclusions

The self-adaptive ES implemented in cement grinding has proven to be an effective
tool for improving key performance indicators. Production increased by an average of 11%
in the most representative cement, whereas specific electricity consumption decreased by
9.3%, reflecting its ability to adapt to operational variations. In addition, real-time analysis
of operational data made it possible to identify significant improvements in process stability
and overall efficiency, consolidating its effectiveness in different industrial environments.

The results, validated through a comparative analysis between the two cement mills,
highlighted the consistency of the system, confirming its applicability in diverse industrial
scenarios. These improvements not only bring economic benefits, with an estimated
annual savings of €140,000 in electricity consumption but also contribute to environmental
commitment by reducing CO, emissions by 474 tons each year. In this context, the system
is positioned as a comprehensive solution for addressing the energy and environmental
challenges of the cement industry.

Developed using symbolic Artificial Intelligence (Al) and advanced control algorithms,
this system dynamically adapts to changing process conditions and operational demands.
Its ability to adjust key parameters such as mill fill rate, recirculation factor, and feed in real
time ensures stable and efficient operation, even in the face of variations in material quality
or production targets. Its interpretable and manageable design compensates for the absence
of machine learning, facilitates its implementation in environments with limited technical
resources, promotes the participation of technical staff, and simplifies the resolution of
new challenges.

The integration of advanced algorithms with intuitive interfaces is crucial to ensure
wide acceptance of the system by operational personnel. These interfaces, designed to
display the status of the system in real time, allow informed decisions to be made and
the resistance to change to be minimized. On the other hand, the modular design of the
system not only favors its adaptation to variable operating conditions but also facilitates
the incorporation of emerging technologies such as IoT and cloud analytics, expanding its
scope and functionality. This approach optimizes resources, reduces reliance on constant
monitoring, and reinforces the consistency of results.

Three strategic areas are proposed for future research to maximize the potential of
the system. First, it is proposed to incorporate advanced subsymbolic Al techniques,
such as deep Artificial Neuronal Networks (ANNSs) and genetic algorithms, with the aim
of complementing the current capabilities and improving their adaptability to complex
and dynamic conditions. This would increase the precision and efficiency of industrial
process management. Second, it seeks to expand its application to other energy-intensive
industries such as metallurgy and chemicals through specific adaptations. The integration
of hybrid models based on neurosymbolic computing would be particularly effective in
these sectors, managing complex interdependencies and improving operational efficiency.
Finally, the development of scalable architectures based on cloud computing is proposed,
which facilitates their implementation in plants with assorted sizes and configurations.
This approach would also allow for remote analysis, continuous upgrades, and reduced
operating costs, thus strengthening its sustainability in a global context.
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The self-adaptive ES represents a significant advancement in process engineering,
offering an innovative and sustainable solution to the energy and operational challenges
of cement grinding. Its success transcends its immediate scope, opening new opportu-
nities for the design of intelligent systems in other industrial sectors. This achievement
reaffirms the transformative potential of symbolic Al in the optimization of complex pro-
cesses, contributing significantly to the sustainability, efficiency, and competitiveness of the
cement industry.
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