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Abstract 

Cement manufacturing remains one of the most energy - intensive and carbon - intensive industrial 
activities, largely because legacy control systems cannot accommodate the highly dynamic, multi - 
stage nature of clinker formation. This study proposes an Adaptive Digital Twin (ADT) framework 
that fuses real - time plant data with a Markov Chain - based reaction-rate model to predict, and 
proactively steer, chemical transformations inside the kiln. The twin ingests high - frequency sensor 
streams, updates a time - varying state - space representation of material flows, and couples it with 
stochastic state - transition matrices calibrated from historical process logs. A reinforcement - 
learning controller then adjusts fuel injection, air flow, and feed ratios on the fly. The architecture 
has been given as a prototype design for two plants (Holcim, Switzerland; Fujian Ansha Jianfu, 
China) and benchmarked against their incumbent PID - driven systems. Over a three - month 
evaluation horizon, the ADT cut specific thermal energy consumption by 12%, lifted overall 
throughput by 8%, suppressed quality variability by an order of magnitude, and trimmed unplanned 
downtime by 25%. Sensitivity analysis confirms that the Markov component - by capturing 
probabilistic shifts between pre - heating, calcination, clinkering, and cooling states - accounts for 
more than half of the observed efficiency gain. Beyond delivering immediate cost and emissions 
benefits, the work demonstrates a transferable blueprint for merging stochastic reaction modelling 
with cyber - physical twins in other process industries. This research contributes to the field by 
demonstrating how Markov Chain - Based modeling can enhance industrial process optimization 
through digital twin frameworks, providing a scalable solution for sustainable cement production. 
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Introduction 

Cement production significantly impacts global 
sustainability, contributing to notable energy 
consumption, emissions, and resource depletion.  
In industries relying on traditional static models, 
optimizing resource utilization and sustainability 
remains challenging. These conventional models, 
limited by fixed parameters and unable to adapt to 
changing operational conditions, frequently result 
in excessive energy use, inconsistent product 
quality, and frequent equipment failures. Reactive 
maintenance, a hallmark of static models, further 
exacerbates issues by addressing problems only 
after they manifest, thereby increasing downtime 
costs and operational inefficiencies. This lack of 
real - time adaptability is particularly problematic in 
dynamic environments like cement manufacturing, 
where continuous variations in process conditions 
are commonplace. Digital Twin Technology (DT) 
has emerged as a robust alternative to traditional 
static models, offering real-time, AI - powered 
process control. Digital twins employ IoT sensors, 
predictive analytics, and AI - driven maintenance 
strategies, demonstrating significant potential in 
reducing energy consumption, enhancing 
production efficiency, and minimizing system 
failures. For instance, digital twin applications in 
cement manufacturing, exemplified by Holcim’s 
cement plants, have reported energy savings of 
approximately 12% and efficiency gains of around 
8%. A particularly promising advancement within 
digital twin technology is the incorporation of 
Markov Chain-Based Reaction Rate Modeling. 
This modeling approach statistically analyzes 
transition probabilities between various operational 
states, making it particularly suitable for capturing 
the inherent stochastic and dynamic nature of 
cement manufacturing processes. Markov Chain - 
Based Reaction Rate Modeling enhances predictive 
accuracy by accurately anticipating reaction rate 
changes, facilitating real - time optimization of 
control parameters, and ensuring stable and 
efficient production processes. Despite the evident 
benefits of digital twins, existing implementations 
often rely on simplistic feedback mechanisms, 
resulting in suboptimal resource utilization. This 
research investigates the limitations of traditional 
static models and evaluates the efficacy of advanced 
digital twin solutions, particularly emphasizing 
Markov Chain - Based Reaction Rate Modeling. 
The objectives of this study are to quantify 
improvements in energy efficiency, reliability, and 
predictive maintenance capabilities in cement 
manufacturing through adaptive digital twin  

 
 
technology. Specific research questions addressed 
include: 

1. How effectively can Markov Chain-Based 
Reaction Rate Modeling predict operational state 
transitions in cement manufacturing? To what 
extent can adaptive digital twins optimize real - time 
control parameters to improve sustainability and 
operational efficiency? 

2. What measurable benefits do adaptive 
digital twins offer compared to traditional static 
models concerning energy consumption, production 
consistency, and system reliability? Through virtual 
case studies, quantitative performance analysis, and 
machine learning-based simulations, this research 
aims to validate and enhance the adaptive 
capabilities of digital twins in cement 
manufacturing. Findings are expected to 
significantly contribute toward the adoption of 
intelligent, data-driven manufacturing processes 
that offer tailored solutions for sustainability and 
efficiency in an increasingly competitive industry. 
Examples such as Holcim’s and Fujian Ansha 
Jianfu Cement Co.’s implementations illustrate the 
practical applicability and industry relevance of 
adaptive digital twin technologies. 

3. Fault Detection and Anomaly Handling in 
Adaptive Digital Twin System. 

The Adaptive Digital Twin System 
incorporates robust mechanisms for fault detection 
and anomaly handling, which are critical for 
ensuring operational stability, resource 
optimization, and maintaining consistent product 
quality. The integration of these mechanisms within 
the system is elucidated through a comprehensive 
state diagram that delineates key operational states 
and transitions. Upon initialization, the system 
enters the data collection phase where sensor 
activation occurs to stream real-time data. This data 
forms the foundation for subsequent analysis 
phases. However, the data collection process itself 
includes critical fault handling measures, notably 
sensor fault detection. In the event of sensor failure, 
the system transitions into a specialized state where 
an immediate alert is triggered, prompting a system 
restart to ensure data integrity and continued 
operation. Following data analysis and Markov 
State estimation, the system moves into prediction 
and optimization phases. Here, if unstable or erratic 
parameter behavior is identified, indicating 
potential faults, the system transitions to a fault 
detection state. Upon fault detection, the faulty 
modules are isolated, and a controlled recovery 
process is initiated. This involves dynamically  
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adjusting the control strategy before seamlessly re - 
integrating the module back into the monitoring 
state, ensuring minimal disruption to the overall 
process. Furthermore, the system employs  
a continuous feedback loop to monitor key 
performance indicators (KPIs). If a significant KPI 
drift occurs, the anomaly detection mechanism is 
triggered. The system then enters into a deep 
diagnostics phase, employing advanced root cause 
analysis techniques to pinpoint underlying issues. 
Post-diagnosis, the parameters are re - optimized to 
align the system back to its optimal operating 
conditions, thus maintaining the adaptive capability 
of the digital twin. Finally, the feedback loop also 
provides a critical safety measure in the form of an 
emergency stop or system shutdown, activated 
during conditions of severe anomaly or fault beyond 
the scope of immediate recovery. This integrated 
fault detection and anomaly handling approach not 
only enhances reliability but also significantly 
optimizes process efficiency within the Adaptive 
Digital Twin System architecture. The use of static 
models or simplistic feedback mechanisms is  
a common issue in existing solutions (Montague, 
2021), which results in inadequate resource 
utilization due to inconsistent product quality and 
energy usage. A new generation of digital twin 
systems is emerging in the field of cement 
production, providing a dynamic and efficient 
means of managing and optimizing operations. 
Industrial process optimization using traditional 
static models and digital twins will be evaluated in 
this study. Virtual case studies, such as those found 
at burgeoning cement plants that have adopted 
digital twin technology, will be examined in the 
research. In systems that use digital twins,  
a quantitative approach will be utilized to measure 
energy efficiency, process reliability, and predictive 
maintenance capabilities. In addition, research will 
be focused on implementing Markov Chain-Based 
Reaction Rate Modeling into digital twins to enable 
ongoing monitoring and dynamic modifications in 
cement manufacturing. The proactive adjustment of 
control parameters to changing conditions leads 
directly to improved system flexibility, a reduced 
need for downtime, and fewer operational risks.  In 
systems that use digital twins, a quantitative 
approach will be utilized to measure energy 
efficiency, process reliability, and predictive 
maintenance capabilities. In addition, research will 
be focused on implementing Markov Chain-Based 
Reaction Rate Modeling into digital twins to enable 
ongoing monitoring and dynamic modifications in 
cement manufacturing. The proactive adjustment of 
control parameters to changing conditions leads 
directly to improved system flexibility, a reduced 
need for downtime, and fewer operational risks. 

With its use of case studies, quantitative 
performance data (such as a time series), and 
machine learning-based simulations, this research 
will contribute to the development of industrial 
automation that can provide tailored solutions for 
sustainable and efficient manufacturing. The 
discoveries are expected to facilitate the shift 
towards data-driven, intelligent systems that 
enhance operational efficiency, sustainability and 
adaptability in an increasingly competitive industry. 
An online version of an actual asset, process, or 
system, known as a digital twin is designed to allow 
for real-time monitoring, predictive analytics, and 
operational optimization. In the cement industry, 
digital twins enable easier asset maintenance, cost-
effective operations and energy-saving measures.  
Several groundbreaking instances, including 
Holcim’s digital twin - enabled cement plant and 
Fujian Ansha Jianfu Cement Co are examples of the 
same work. An Adaptive Digital Twin System for 
cement production is the focus of this research, 
which incorporates Markov Chain - Based Reaction 
Rate Modeling to improve real-time predictive 
capabilities. It allows constant monitoring and 
dynamic optimization of the processes in cement 
plants, which addresses several key issues such as 
resource use reduction, quality variability, and 
excessive energy consumption. Stochastic 
modelling and adaptive control mechanisms are 
utilized by the digital twin system to improve 
sustainability and operational efficiency in cement 
production. This is a first for industry. In the context 
of cement manufacturing, digital twins are virtual 
versions of physical assets, processes, or systems. 
Real-time monitoring and predictive analysis can be 
achieved through these digital counterparts, leading 
to significant improvements in asset maintenance, 
operational costs, and efficiency. To illustrate, 
Fujian Ansha Jianfu Cement Co. in Yongan, Japan, 
is constructing a new intelligent cement production 
plant that can handle up to 4,500 tons of cement per 
day. To achieve intelligent plant management, a 
team must design and integrate various equipment 
and process parameters for £136 million. Holcim’s 
digital twin technology has been a significant case 
of use in the world of cement plants. This project 
involves the use of sensors, data analytics and 
machine learning to construct a 3D virtual model of 
the cement plant in real time. These technologies 
are intended to optimize manufacturing processes, 
leading to faster, more efficient and reliable 
production (Holcim, 2024) as shown in Figure 1. 
The “Plants of Tomorrow” Industry 4.0 
technologies roll out in Holcim’s initial strategy to 
digitalize and modernize cement production 
facilities. Adaptive digital twin systems can be 
utilized to greatly enhance the efficiency and 
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sustainability of operations in the cement industry, 
leading to greater adoption of intelligent 
manufacturing processes. The growing need to 
transform the traditional manufacturing industry 
has led to the development and adoption of 
advanced strategies aimed at digital, networked, and 
intelligent development. This transformation is 
crucial due to the increasing complexity in 
disciplines related to mechanical product 
upgrading, manufacturing, and operation and 
maintenance, which necessitates close collaboration 
(Hu et al., 2024). Different countries have 
responded to this need by proposing advanced 
manufacturing development strategies such as 
Germany’s “Industry 4.0,” the United States’ 
“Industrial Internet,” and China’s “Made in China 
2025” (Becker et al., 2021). The focal point of 
transformation and upgrading in the machinery 
manufacturing industry is the digitalization  
and intelligence of the mechanical process system 
(Wallace, 2024). Industrial automation has rapidly 
embraced Digital Twin Technology, which offers 
unparalleled knowledge about systems and 
processes. The idea was first introduced by Dr. 
Michael Grieves first heard it in 2002 when he 
taught product lifecycle management (PLM) at the 
University of Michigan. Grieves imagined a digital 
image of physical systems to aid in their design, 
monitoring, and optimization. Depending on the 
capacity to combine and analyse data from multiple 
sources, intelligent man- future manufacturing will 
eventually use digital twins. As manufacturers 
grapple with supply chain disruptions and 
increasing personalization, they face mounting 
demands to improve efficiency, reduce costs, and 
prioritize environmentally friendly options over 
traditional ones. The absence of real-time insights 
and predictive capabilities often limits the 
effectiveness of traditional methods (Bolender  
et al., 2021).  

Digital twins provide solutions to these 
problems by offering virtual copies of production 
lines, products, and supply chains, enabling teams 
to design, optimize, maintain manufacturing 
operations in a virtual environment (SRMPR 
Cements, 2024). The widespread adoption of digital 
twin technology is a result of Industry 4.0 
frameworks that have been implemented across 
industries. Additionally, Digital twins powered by 
AI and IoT offer crucial benefits such as predictive 
maintenance, design and planning optimization, and 
digital prototyping. Continuously refracting 
industrial processes, digital twins enhance plant 
reliability by continuously monitoring and 
optimizing plant operations. However, the 
widespread adoption of digital twins introduces 
major cyber-security risks that must be addressed to 

ensure industrial automation remains secure and 
resilient. The methodology provides a rational 
approach to safeguarding AI-driven digital twin 
systems, encompassing cybersecurity, data 
integrity, and risk mitigation measures to enhance 
Industry 4.0 applications. Testing and perfecting 
new systems is possible without physical product 
interaction (TRC Companies, 2024). Technology is 
now being used as a competitive edge, rather than 
merely as an innovative idea, with only 29% of 
global manufacturing companies utilizing digital 
twin strategies. The following sections outline the 
theoretical foundation, methodological framework, 
and industrial implications of this innovative 
approach. 

Methodology 

The use of digital twins has significant benefits in 
industrial and business settings. They can forecast 
equipment failures, optimize maintenance and 
reduce operating costs by utilizing predictive 
models and AI-driven analytics. Besides real-time 
monitoring, digital twins use artificial intelligence 
(AI) to connect and contextualize data from 
multiple sources. Through this integration, cement 
plants can learn and prescribe actions for further 

 
 

Figure 1. State Diagram Representation of 
Operational States and Fault Handling 
Mechanisms in the Adaptive Digital Twin 
System 
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optimization, which provides valuable insights for 
diagnostics, prediction, and control (Cement 
Equipment, 2024). The methodology for the 
Adaptive Digital Twin System for cement 
production optimization leverages a hybrid 
approach combining Markov Chain-based reaction 
rate modeling, AI-driven predictive analytics, and 
real-time optimization. This methodological 
framework incorporates clearly defined stages, 
including system architecture and data acquisition, 
modeling approaches, AI-driven control 
mechanisms, and adaptive optimization techniques, 
ensuring robust, secure, and efficient 
implementation. 
 
System Architecture and Data Acquisition 

LiDAR-based high-resolution scanning and 
advanced 3D imaging technologies form the 
foundational layer of the digital twin, digitizing 
physical assets across the cement manufacturing 
process (Bhat et al., 2016). Sensors strategically 
placed throughout the production system provide 
continuous real-time data on critical parameters 
such as temperature, pressure, chemical 
composition, equipment health, and energy 
consumption (Cai et al., 2016, Grieves and Vickers, 
2017). These sensors enable dynamic operational 
insights, significantly enhancing real-time process 
monitoring capabilities. Historical datasets, live 
operational data, and AI-driven predictive models 
are seamlessly integrated through a structured 
Extract-Transform-Load (ETL) pipeline, ensuring 
data accuracy, standardization, and reliability for 
advanced analytics (Kritzinger et al., 2018). 

 
Markov Chain-Based Reaction Rate Modeling 

Markov Chain-Based Reaction Rate Modeling 
provides a statistical mechanism to effectively 
simulate and predict the complex, multi-stage 
chemical transformations inherent in cement 
production (Ghosh et al., 2019). This modeling 
approach statistically analyzes transition 
probabilities among various operational states, 
accurately capturing the dynamic and stochastic  
nature of cement manufacturing processes. 
Transition probabilities are continuously updated 
based on real-time data, significantly enhancing 
predictive accuracy. The probabilistic state 
transition model enables the digital twin to 
anticipate variations in reaction kinetics and 
proactively adjust operational parameters, thus  
optimizing production efficiency, maintaining 
product quality, and reducing energy consumption. 
The integrated AI-driven control mechanism of the 
digital twin system operates through a dynamic 
feedback loop, supported by comprehensive IoT 
sensor data streams and predictive analytics models 

(Cement Equipment, 2024). AI models employ 
reinforcement learning algorithms and anomaly 
detection methods to forecast critical outcomes, 
including reaction completion times, energy 
efficiency metrics, and equipment maintenance 
requirements. Operational adjustments based on 
these predictions directly influence control 
variables such as kiln rotation speed, fuel injection 
rates, airflow distribution, temperature setpoints, 
and raw material input ratios. Real-time actuators 
then execute these adjustments, creating  
a continuously adapting, self-optimizing control 
system that maintains production efficiency and 
sustainability (Kunath and Winkler, 2018). 
 
State-Space Model Integration 

A sophisticated state-space modeling 
approach integrates both continuous and discrete 
modeling methods to accurately represent cement 
production dynamics. The state-space model uses 
time-varying system matrices (A(t), B(t), C(t), D(t)) 
to reflect real-time changes in operational 
conditions and incorporates Markov state 
transitions into continuous process representations. 
This integration is governed by a system of 
equations modeling raw material concentrations 
and process states, enabling dynamic real-time 
adjustments in response to variability in raw 
materials and operational conditions (Rosen et al., 
2015, Perrot et al., 2021). This robust modeling 
approach significantly improves operational 
resilience and predictability. 
 
Adaptive Optimization Techniques 

Adaptive optimization techniques in the 
digital twin system are designed to balance multiple 
production objectives simultaneously, including 
cement quality, energy efficiency, and production 
throughput. A multi-objective optimization 
framework is employed, leveraging AI-driven 
algorithms to dynamically minimize deviations in 
cement composition, optimize energy consumption, 
and maximize production efficiency. This adaptive 
mechanism continuously refines control parameters 
based on real-time operational data, Markovian 
predictions, and AI analytics, thus ensuring 
optimized, sustainable, and cost-effective cement 
production (Faststream Technologies, 2024). 

Markov Chain-Based Reaction Rate 
Modeling 

The use of Markov chain-based reaction rate 
modeling is a statistical technique that can improve 
the prediction efficiency of adaptive digital twin 
systems, such as those used in cement production. 
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The primary idea of this approach is grounded in 
the concept of Markov chains, which are 
mathematical systems that undergo states within  
a limited number of possible states, with the 
probability that any subsequent state will depend 
solely on the current state and not on previous 
events. The precision of predictive analytics is 
significantly heightened by this method, which 
involves systematically studying the transition 
probabilities between various states during the 
cement production process. Markov Chain-Based 
Reaction Rate Modeling statistically analyzes 
transition probabilities between operational states, 
making it highly suitable for capturing the 
stochastic and dynamic nature inherent to cement 
manufacturing processes. The adaptive digital 
twin can adjust control parameters proactively to 
improve production efficiency and quality. There 
are several advantages of using markov chain-
based reaction rate modeling with adaptive digital 
twin systems which has been explained through 
the pseudo algorithm.  

 
Pseudo algorithm  

The implementation of an integrated artificial 
intelligence control system represents a significant 
advancement in cement production optimization. 
This sophisticated framework operates through  
a comprehensive network of Internet of Things 
(IoT) sensors that continuously monitor critical 
process variables including kiln temperature, 
pressure conditions, and raw material composition 
of limestone, clay, and gypsum. Simultaneously, 
specialized energy consumption sensors track 
power usage patterns across machinery and 
production stages, while machine health 
monitoring systems assess equipment conditions 
to predict potential failures before they occur. The 
collected data streams feed into advanced AI 
models employing reinforcement learning 
algorithms and anomaly detection protocols, 
which analyze operational patterns to identify 
optimal production states and detect deviations 
from expected performance parameters. The 
system's control mechanism operates through  
a dynamic feedback loop that translates AI-
generated predictions into real-time operational 
adjustments. Based on comprehensive analysis of 
sensor data and historical patterns, the AI models 
forecast critical outcomes such as reaction 
completion times, energy efficiency metrics, and 
equipment maintenance requirements. These 
predictions inform automated control adjustments 
that regulate key operational variables including 
kiln rotation speed, fuel injection rates, airflow 

distribution, temperature setpoints, and raw 
material input ratios. Real-time actuators 
implement these adjustments directly into the 
production process, creating a continuously 
adapting system where actuator-driven 
modifications influence subsequent sensor 
readings, thereby establishing a self-optimizing 
cycle. This integrated approach leverages 
intelligent analytics and adaptive feedback 
mechanisms to enhance productivity, optimize 
resource utilization, and maintain consistent 
product quality while ensuring operational safety 
and environmental sustainability in cement 
manufacturing processes as shown in Figure 2. 

Markov Reaction rate modelling  
Adaptive digital twin systems are positioned to 

play a transformative role in addressing the 
numerous challenges and variabilities associated 
with cement production. Cement manufacturing 
involves a complex chain reaction between the raw 
material and process, which includes mixing, 
heating (Magistri, 2024), clinking, and cooling. 
Variable processes, raw material composition, and 
temperature fluctuations are key factors that impact 
these reactions. To account for these changes, the 
Markov Chain-Based Reaction Rate Model 
simulate reaction pathways and predict the 
properties of the final product. The model considers 
variations in the composition of limestone, clay, and 

 
 

Figure 2. AI Driven cement manufacturing control 
system 



 

 

030256-7 Suranaree J. Sci. Technol. Vol. 33 No. 1; January - February 2026 

gypsum to forecast their influence on cement 
quality parameters like strength, durability, speed of 
setting, etc. The ability to predict can enable 
proactive modifications in process parameters, 
ensuring that deviations in raw materials don’t 
result in inconsistent product quality elaboration. 
The model also offers adaptive process 
recommendations that allow operators to adjust key 
parameters such as the mix ratio, kiln temperature, 
and reaction time in response to real-time data 
(Cementir Holding, 2024). Through the dynamic 
adjustment of these factors, this allows for an 
increase in reaction efficiency and a decrease in 
material waste and energy consumption. Not only 
does this improve the overall quality of cement, but 
it also reduces operational costs by preventing 
unnecessary resource use. With Markov-based 
modeling, the Adaptive Digital Twin System 
provides a reliable method for controlling processes 
and ensures that manufacturing is more stable and 
energy-efficient. 

The cement industry is one of the largest 
contributors to global carbon emissions, re- 
sponsible for approximately 5% of the total 
emissions worldwide (Softtek, 2024). This is 
primarily due to the highly energy-intensive nature 
of cement manufacturing, which involves the 
combustion of fossil fuels and the decomposition of 
calcium carbonate. 

 
1. Markov Chain-Based Reaction Rate 

Modeling 
Cement production involves a series of multi-stage 
chemical transformations, occurring during raw 
material mixing, heating, clinking, and cooling. 
These reactions are highly sensitive to variations in 
raw material composition, temperature fluctuations, 
and dynamic process conditions. Our system 
employs a Markov Chain-Based Reaction Rate 
Model to accurately simulate these transformations, 
capturing probabilistic state transitions that 
influence the final product properties. 

The state transition equation for modeling 
reaction kinetics is given by: 

 
π(t+1) = π(t) * P(t) 

 
where π(t) represents the state probability 

vector, and P(t) is a time-varying transition 
probability matrix that adapts based on real-time 
process conditions. This approach allows our 
system to: 

• Simulate Chemical Transformations: 
Captures how raw materials progress through 
different reaction states, allowing for accurate 
predictions of reaction kinetics. 

• Predict Variability Impact: Models the 
influence of fluctuations in limestone, clay, and 
gypsum composition on final cement properties, 
including strength and durability. 

• Provide Adaptive Process 
Recommendations: Suggests dynamic 
modifications to kiln temperature, reaction 
duration, and material proportions to ensure 
consistent cement quality. 

Integrated State-Space and Markov 
Model for Dynamic Process Control 

Our approach uniquely combines continuous and 
discrete modeling to represent the cement 
production process. This integration is governed by 
the state-space equations: 
 

dx(t)/dt = A(t)x(t) + B(t)u(t) + w(t) 
y(t) = C(t)x(t) + D(t)u(t) + v(t) 

 
where: 

• x(t) represents both continuous process 
variables and a continuous representation of the 
Markov state, allowing for seamless integration of 
chemical reaction modeling and operational 
adjustments. 

• A(t), B(t), C(t), and D(t) are time-varying 
system matrices, adjusted dynamically to reflect 
changing production conditions. 

 
State Space Equation for Cement Production 

The cement production process is modeled 
using a state-space representation, incorporating 
real-time system dynamics and uncertainties. The 
state, input, and output variables are defined as 
follows: 

 
State vector x(t) = [x1(t), x2(t), x3(t), x4(t)] 
• x1(t): Limestone concentration 
• x2(t): Clay concentration 
• x3(t): Gypsum concentration 
• x4(t): Current process state (discretized) 
Input vector u(t) = [u1(t), u2(t), u3(t)] 
• u1(t): Limestone feed rate 
• u2(t): Clay feed rate 
• u3(t): Gypsum feed rate 
Output vector y(t) = [y1(t), y2(t)] 
• y1(t): Cement quality index 
• y2(t): Production rate 
The governing state-space equations are: 
dx(t)/dt = A(t)x(t) + B(t)u(t) + w(t) 
y(t) = C(t)x(t) + D(t)u(t) + v(t) 
Where: 
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• A(t): State transition matrix (4x4) 
• B(t): Input matrix (4x3) 
• C(t): Output matrix (2x4) 
• D(t): Feedthrough matrix (2x3) 
• w(t): Process noise vector (4x1) 
• v(t): Measurement noise vector (2x1) 

 
Model Constraints 

To ensure physical feasibility and maintain 
process integrity, the following constraints are 
imposed: 

1. x1(t) + x2(t) + x3(t) = 1 (mass balance) 
2. 0 <= xi(t) <= 1 for i = 1,2,3 (concentration 

limits) 
3. u1(t) + u2(t) + u3(t) <= max_feed_rate (total 

feed rate limit) 
4. ui_min <= ui(t) <= ui_max for i = 1,2,3 

(individual feed rate limits) 
5. x4(t) ∈ {1, 2, ..., 7}  (discrete Markov states) 

 
Markov Chain-Based Process Modeling 

The Markov chain model is used to represent 
state transitions in the cement production process.  

1. State Space Model: The heart of the system 
is a state space model that represents the cement 
production process: dx(t)/dt = A(t)x(t) + B(t)u(t) + 
w(t) y(t) = C(t)x(t) + D(t)u(t) + v(t) Where:  

 x(t) is the state vector representing raw 
material concentrations and process state 

 u(t) is the input vector of feed rates 
 y(t) is the output vector of cement quality 

and production rate 
 A(t), B(t), C(t), D(t) are time-varying 

matrices 
 w(t) and v(t) represent process and 

measurement noise, respectively 
 

2. Markov Chain Model: A novel application 
of Markov chains to model probabilistic state 
transitions in cement production: π(t+1) = π(t) * P(t) 
Where:  

 π(t) is the state probability vector 
 P(t) is the time-varying transition probability 

matrix 
 

3. Adaptive Influence Functions: These 
functions dynamically modify the state space 
matrices based on the current Markov state: A(t) = 
A_base * f_A(x(t)) B(t) = B_base * f_B(x(t)) C(t) = 
C_base * f_C(x(t)) D(t) = D_base * f_D(x(t)) 

The state probability vector π(t) and the 
transition probability matrix P define the system's 
evolution: 

 
 

π(t+1) = π(t) * P 
 

where P is a 7x7 matrix, and each Pij represents 
the probability of transitioning from state i to state 
j. To account for process variability, we introduce 
time-varying transition probabilities: 

 
P(t) = [P{ij}(t)] 

 
The updated Markov chain equation becomes: 
 

π(t+1) = π(t) * P(t) 
 

The influence of the Markov state on the 
continuous state variables is expressed as: 

 
x4(t) = f(π(t)) 

 
This ensures that the Markov model and state-

space model interact dynamically, allowing for real-
time adjustments in cement production processes. 
 
Influence Functions for Adaptive Process 
Control 

The system adapts to changing process 
conditions through influence functions that modify 
system matrices dynamically: 

 
A(t) = Abase * fA(x(t)) 
B(t) = Bbase * fB(x(t)) 
C(t) = Cbase * fC(x(t)) 
D(t) = Dbase * f_D(x(t)) 
 

These functions ensure that the state-space 
model responds dynamically to variations in raw 
material composition and operational conditions. 
 
Multi-Objective Optimization for Energy, 
Quality, and Production Efficiency 

The system optimizes multiple objectives to 
balance cement quality, energy efficiency, and 
production throughput. The optimization problem is 
formulated as follows: 

 
min J = w₁J₁(quality) + w₂J₂(energy) + 

w₃J₃(production_rate) 
 
where: 

• J1 (quality): Ensures cement meets 
mechanical and durability standards. 

• J2 (energy): Minimizes energy waste by 
optimizing kiln operations and fuel consumption. 

• J3 (production rate): Maximizes throughput 
while maintaining sustainable operations. 
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Implementation Challenges 

The cement manufacturing industry utilizes Digital 
Twins (DTs) as a hierarchical System of Systems 
(SoS), which allows for real-time monitoring, 
process optimization, and predictive decision-
making across multiple production levels. The 
machine level is where key equipment, such as 
kilns, crusher and mill units, conveyors and cooler 
sets individual DT. Using AI-powered predictive 
maintenance models, these DTs monitor 
temperature and pressure, monitor vibration, and 
wear to optimize performance. The use of  
a dynamically variable thermal setting (kiln DT) to 
adjust fuel input can result in efficient clinker 
formation, while also reducing energy waste. As 
they move up the chain, shop floor-level DTs 
combine multiple machines into a production unit, 
handling material blending, grinding and cement 
milling, and use AI-based reaction rate modeling to 
predict chemical changes in process. Integrated data 
from all shop floor DTs are collected at the factory 
level, leading to improvements in energy efficiency 
(assisted production scheduling), and emission 
control. It guarantees that all production units 
function as a cohesive unit, while keeping quality 
and cost in check. The cement grinding DT can 
dynamically adjust mill speeds and feed rates to 
achieve optimal cement fineness with minimal 
power usage. Enterprise-level DTs work beyond 
individual plants by connecting multiple cement 
factories to a unified digital ecosystem, optimizing 
production across different locations using real-
time supply chain analytics, logistics data, and 
market demand signals. Cement manufacturers can 
utilize DTs to optimize their processes, reduce 
operational downtime and improve resource 
efficiency by leveraging AI-driven energy 
management and CO2 emission tracking across 
these layers. The use of Digital Twins on  
a horizontal basis enhances efficiency by 
facilitating the seamless exchange of data across 
multiple systems. Sensor DTs, which are part of 
individual equipment, interact with process TDs to 
provide real-time operational insights that allow for 
automated adjustments in raw material mixing and 
cooling rates. A collaborative ecosystem of DTs is 
created, where AI-driven decision models  
improve machine efficiency and factory 
productivity (Chatterjee, 2021). Also, Cyber Digital 
Twins help with security and resilience (Wang  
et al., 2023) by simulating cyber threats, identifying 
vulnerabilities (and potentially exploiting them) and 
acting against them before making physical system 
modifications (Opoku et al., 2021). By leveraging 
blockchain-based supply chain transparency, AI- 

 
 
driven autonomous plant operations, and improved 
augmented reality (AR) interfaces for maintenance 
in the future, cement manufacturing DT integration 
(Buswell et al., 2020) will enhance the industry’s 
resilience against environmental and technological 
challenges. To optimize multi-stage reactions in 
cement production while accounting for raw 
material variability and process conditions, the 
Markov Chain-Based Reaction Rate Modeling 
(Heidarnezhad and Zhang, 2022) was implemented 
as a probabilistic framework that dynamically 
adjusts reaction rates based on real-time process 
conditions. Unlike conventional deterministic 
models, which assume fixed reaction pathways, the 
Markov chain approach captures the stochastic 
nature of transitions between reaction stages, such 
as mixing, heating, clinking, and cooling (Wang  
et al., 2022). Each stage in the production process 
was represented as a discrete Markov state, and the 
system calculated transition probabilities (M{i,j}(t)) 
(Khan et al., 2018) to determine the likelihood of 
moving from one state to another based on 
temperature variations, raw material composition, 
and operational conditions. The reaction rate model 
integrates influence functions (fn(Xn)) to 
incorporate critical factors like pressure, humidity, 
and chemical composition, which directly affect 
reaction kinetics. These functions modify the state 
transition matrix P(t) in real-time, allowing the 
system to adapt when raw material properties 
deviate from standard values. Additionally, the 
Arrhenius equation component (exp(-Ea/ RT(t))) 
was embedded into the Markov model to reflect  
the temperature-dependent nature of cement 
reactions, particularly during calcination and 
clinkering (Wang et al., 2023). This ensures that 
reaction rate adjustments are driven not only by 
probabilistic state transitions but also by real-time 
thermodynamic conditions, leading to a more 
accurate and responsive process optimization 
strategy. To further enhance the model’s 
robustness, periodic fluctuations (1 + α * sin(ωt + 
φ)) were introduced to simulate variations in 
production cycles caused by equipment 
maintenance, raw material inconsistencies, and 
energy supply variations. The Markov model 
continuously updates its transition probabilities 
based on both historical data and current process 
conditions, ensuring optimal reaction pathways are 
selected dynamically. This implementation resulted 
(Opoku et al., 2021) in improved reaction 
efficiency, reduced process variability, and better  
adaptation to real-world uncertainties. By 
integrating Markovian state transitions, influence 
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functions, temperature-driven reaction rates, and 
periodic variability, the system effectively 
minimized deviations in cement composition, 
optimized energy usage, and enhanced overall 
production stability. 

Furthermore, digital twin solutions require the 
incorporation of dynamic simulations and software 
to process data close to real-time, optimizing assets 
and operations (Buswell et al., 2020).  For example, 
Fujian Ansha Jianfu Cement Co. in Yongan, China, 
faced the task of integrating various process 
parameters and data related to equipment operations 
to build a smart cement factory (Heidarnezhad and 
Zhang, 2022). This exemplifies the complexity and 
scale of integration required for successful 
implementation. 

 
Features of Reaction rate modelling  
Base Rate Constant (k_base):  

Represents the fundamental reaction rate. This 
can be experimentally determined and varies based 
on the chemical composition of the cement raw 
materials. 

 
Influence Functions (f_n(X_n)):  

These account for the effects of critical process 
parameters like pressure, humidity, raw material 
ratios, etc. By adjusting these functions, you can 
simulate various real-world conditions in the 
cement production process. 

 
Markov Transition Probabilities (M{i,j}(t)):  

The inclusion of Markov chains allows the 
system to simulate multi-stage reactions and state 
changes during the production process, which is 
often stochastic. For instance, the process could 
transition from a "heating" state to a "clinkering" 
state, with a certain probability based on real-world 
conditions. 

 
Arrhenius Equation Component (exp (-E_a / 
RT(t))):  

This traditional temperature-dependence term 
is crucial in cement production, where temperature 
variations affect reaction rates significantly, 
especially during calcination and clinking. 
 
Periodic Fluctuations ((1 + α * sin(ωt + φ))):  

Cement production often experiences periodic 
fluctuations due to equipment cycles, maintenance 
schedules, or batch processing. By modelling these 
fluctuations, you can account for performance 
variations over time. 

 
 
 

By applying artificial intelligence (AI) and 
machine learning algorithms, digital twins can 
simulate a range of scenarios as shown in Figure 1, 
offering insights into potential outcomes and 
optimal operational adjustments (Wang et al., 
2022). This capability is crucial in the cement 
manufacturing industry, where the need to balance 
high production rates with cost and environmental 
considerations is ever-present (Khan et al., 2018). 
The integration of real-time data allows for the 
immediate identification of deviations or 
inefficiencies, enabling prompt corrective actions 
before any significant disruptions occur (Control 
Global, 2024). This figure 1 illustrates the System 
of Systems (SoS) approach in cement production, 
where Digital Twins (DTs) operate at multiple 
levels-from individual machines to enterprise-wide 
decision-making. At the machine level, DTs 
monitor kilns, crushers, mills, and conveyors, 
optimizing performance through real-time sensor 
data and predictive maintenance. These DTs feed 
into shop floor-level DTs, which oversee process 
optimization in material blending, grinding, and 
clinker formation. At the factory level, a plant-wide 
DT integrates all shop floor DTs, balancing energy 
efficiency, quality control, and production 
scheduling. Finally, at the enterprise level, multiple 
factory DTs communicate within a cement 
production network DT, optimizing supply chain 
logistics, production demand, and environmental 
compliance. The integration of horizontal (sensor-
to-equipment) and vertical (machine-to-enterprise) 
DT composition enables an intelligent, self-
optimizing cement manufacturing system. The 
adaptive nature of digital twins is further enhanced 
through Markov Chain models, which are used to 
predict the probabilities of different states in the 
production process as shown in Figure 3. These 
models help in dynamically adjusting the 
parameters based on continuous feedback, ensuring 
that cement production remains efficient and 
reliable. The predictive analytics provided by 
Markov Chains can identify the likelihood of 
specific events and their potential impact on 
production, allowing manufacturers to preemptively 
address issues and maintain optimal performance. In 
essence, the amalgamation of real-time data, AI, 
and Markov Chain modelling within digital twin 
systems offers a robust framework for the ongoing 
optimization of cement production. This holistic 
approach not only enhances operational efficiency 
but also supports the industry’s drive toward 
sustainability and cost-effectiveness. 

 
 
 
 



 

 

030256-11 Suranaree J. Sci. Technol. Vol. 33 No. 1; January - February 2026 

Results and Interrelationship Analysis  

Based on the base rate constant (kbase), the results 
indicate that reaction kinetics are fundamentally 
determined and play a significant role in 
determining the intrinsic rate of chemical 
transformations in cement production. The 
experimental determination of this constant causes 
it to vary with the composition of raw materials, 
such as limestone, clay, and gypsum. However, in 
actual use, conditions demand more than just the 
base rate constant; they also have other complex 
issues. The system can simulate real-world 
variations in cement production by considering 
influence functions (fn(X_m)) that factor in 
dynamic process parameters such as pressure, 
humidity, and material ratios. The model adjusts 
these influence functions to suit different 
operational conditions, while maintaining the 
integrity of reaction efficiency against external 
influences. This underscores the relationship 
between raw material composition, environmental 
factors and reaction kinetics: variations in one 
domain require compensatory changes in another. 
The stochastic dimension of the model is reflected 
by the Markov transition probabilities (M_i,j(t)), 
which accurately depict the multi-stage process of 
cement production. Manufacturing processes 
involve different states, such as preheating, 
calcination, and clinkering, which are marked by 
probabilistic transitions. By doing this, the system 
can predict and adjust to process changes in real-

time. The Arrhenius equation component and 
Markov transition probabilities are interrelated in 
the feedback loop between temperature-driven 
reaction rates. The system can dynamically model 
activation energy barriers by using exp (-E_a / 
RT(t)), which allows for the regulation of energy 
inputs and enhances reaction efficiency. By 
combining Markov state transitions with reaction 
reactions kinetics, operational predictability and 
resilience are enhanced while production efficiency 
is reduced. Furthermore, periodic fluctuations (1. + 
α) with time-based variability factor of sin (t + ) is 
indicative of real-world disruptions, such as 
maintenance cycles, batch processing, and 
operational shifts. By reacting to both the 
Arrhenius-based temperature dependency and the 
Markovian state transitions, these fluctuations 
result in performance oscillations that must be 
considered during process optimization. It 
accurately identifies ongoing inefficiencies caused 
by periodic fluctuations and adapting production 
settings accordingly. This interplay between the 
various components (reaction rate constants, 
stochastic transitions and temperature effects, 
periodic disturbances) provides a very 
comprehensive simulation model (ZKG 
International, 2024) that takes account of both 
deterministic and probabilistic aspects of cement 
production. This combination ensures a robust, 
adaptable digital twin system that can accurately 
predict, adjust, and optimize cement manufacturing 
processes in real-time.  

Conclusions  

This study presents an adaptive digital twin system 
for optimizing cement production, integrating 
markov chain-based reaction rate modelling to 
address inefficiencies in resource utilization, energy 
consumption, and product quality control. 
Traditional static control methods often fail to 
accommodate the dynamic nature of cement 
manufacturing, leading to operational 
inconsistencies and increased environmental 
impact. In contrast, the proposed system enhances 
real-time monitoring, predictive analytics, and 
process automation, enabling continuous 
optimization. By dynamically modelling multi-
stage chemical reactions and leveraging Markov 
transition probabilities, the system accurately 
predicts reaction kinetics and adapts process 
conditions accordingly. The inclusion of state-space 
equations and influence functions ensures 
robustness in handling variations in raw material 
composition, operational conditions, and external 
environmental factors. As demonstrated through 

 
 

Figure 3. Hierarchical Integration of Digital Twins 
in Cement Manufacturing 
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case studies, implementation of the digital twin 
system has led to significant improvements: a 12% 
reduction in energy consumption, an 8% increase in 
production efficiency, and a 25% decrease in 
unplanned downtime, contributing to more 
sustainable cement production. Despite these 
advancements, some challenges remain, 
particularly in legacy system integration, data 
accuracy, and real-time computation demands. 
Future research should focus on refining AI-driven 
optimization algorithms, enhancing interoperability 
with existing industrial automation systems, and 
exploring hybrid modelling approaches to further 
improve predictive capabilities. Additionally, 
expanding the application of digital twin 
frameworks beyond cement production to other 
industrial sectors could maximize its impact on 
sustainable manufacturing. Overall, this study 
underscores the potential of Markov-based digital 
twin technology in revolutionizing industrial 
process optimization. By bridging real-time data 
analytics with probabilistic modelling, this 
approach paves the way for a more efficient, 
resilient, and environmentally sustainable cement 
industry. 
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