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ABSTRACT 
Abstract Industry 4.0 has evolved traditional manufacturing into a highly connected, data-driven, intelligent 
production environment. Digital twin (DT) and predictive control have been considered as two of the enabling 
technologies in industrial automation that can greatly enhance the manufacturing efficiency, operational cost 
reduction, and product quality improvement. Digital Twin — In the context of manufacturing, a digital twin is 
a virtual model of a manufacturing system that continuously receives live operational data using IoT devices, 
cloud computing and artificial intelligence (AI). By integrating predictive control strategies, Digital Twins 
predict system behaviour (particularly Model Predictive Control (MPC)), and provide timely optimised actions 
before any faults/ inefficiencies happen. This is a survey on the state of art works related to Digital Twin-based 
Predictive Control for intelligent manufacturing systems, including its architecture, enabling technologies and 
practical applications. This discusses the role of Digital Twins in real-time monitoring, predictive maintenance, 
process optimization, Quality assurance and energy-efficient manufacturing. Moreover, the novel integration 
of machine learning algorithms enables Digital Twins to leverage big data in manufacturing (various plant 
operational informatics) as well as dynamically update control strategies based on changing operational 
environments. While researchers have made strides towards realizing Digital Twins, challenges still remain 
regarding abundance of computational requirements, inherent cybersecurity security risks, interoperability 
across applications and systems, pricey to implement solutions and absence of standardized Digital Twin 
frameworks. These research gaps are highlighted in this paper, and future directions towards autonomous self-
optimizing manufacturing systems are discussed. The conjoining between Digital Twin technology and 
predictive control proposed in this article offers a paradigm of smart manufacturing that facilitates increases in 
production flexibility, reductions in downtime, increases in resource utilization and sustainable development. 
These results show that Digital Twin-based predictive control can be an important technological basis for next-
generation intelligent manufacturing environments. 
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1. INTRODUCTION 
1.1. Background 

Industry 4.0 is the fourth age of the modern transformation, signifying a moving 

mainstreaming of advanced innovation empowered inserted mechanical creation frameworks inside 

the assembly procedure in business. It integrates advanced technologies including the Internet of 

Things (IoT), cloud computing, cyber–physical systems (CPS), artificial intelligence (AI), big data 

analytics, robotics and Digital Twin technology to provide intelligent linked smart factory. Industry 

4.0 leverages real-time communication between machines, sensors and software platforms while 

traditional manufacturing systems utilize fixed control rules and limited automation for operation. 

Of these, the Digital Twin has emerged as perhaps one of the most disruptive innovations - it 

continuously updates a virtual representation of physical manufacturing assets with real-time sensor 

data. This digital twin allows for real-time monitoring, predictive maintenance, process simulation 

and fault detection without affecting the actual production operations. Therefore, Industry 4.0 leads 

to increased productivity, better product quality and operational processes, cost reductions, reduced 

downtime and more intelligent data-driven decision-making of the smart factory. 

 

1.2. Needs of Digital Twin-Based Predictive Control 

Industry 4.0 is coming at a high speed, running the need for intelligent manufacturings to 

monitor, predict and act upon operations performance in real time. Usually traditional 

manufacturing control systems are reactive, we correct it only after the fault had or performance 

degradation occur. This frequently results in increased machine downtime, maintenance costs, 

reduction of productivity and inconsistency of product quality. Digital Twin based Predictive Control 

overcomes these restrictions by linking real time measurements, virtual modeling of the system 

behavior, AI and Model Predictive Control (MPC) to monitor in advance the Bluetooth-powered 

smart equipment planned decisions [3]. The subsequent subsections outline the key requirements for 

the implementation of Digital Twin-based Predictive Control within modern manufacturing 

environments. 

 

 
Fig 1 - Needs of Digital Twin-Based Predictive Control 

 

1.2.1. Real-Time Monitoring 

Modern manufacturing systems require continuous monitoring of machine health and 

production processes to ensure efficient operation. Digital Twin technology collects real-time data 
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from sensors installed on manufacturing equipment and continuously updates the virtual model to 

reflect the current operating conditions. This enables operators to monitor system performance 

remotely and detect abnormalities at an early stage. 

 

1.2.2. Predictive Maintenance 

One of the major needs of Digital Twin-based Predictive Control is to reduce unexpected 

machine failures through predictive maintenance. By analyzing machine parameters such as 

temperature, vibration, pressure, and energy consumption, the Digital Twin predicts equipment 

degradation and estimates the Remaining Useful Life (RUL) of components. This allows maintenance 

activities to be scheduled before failures occur, reducing downtime and maintenance costs. 

 

1.2.3. Production Optimization 

Manufacturing industries require efficient utilization of machines and resources to maximize 
productivity. Digital Twin-based Predictive Control continuously evaluates production performance 
and predicts future process behavior. Based on these predictions, the Model Predictive Controller 
determines optimal operating conditions that improve production efficiency, reduce process 
variability, and enhance resource utilization. 

 
1.2.4. Improved Product Quality 

Maintaining consistent product quality is a critical requirement in intelligent manufacturing. 

The Digital Twin continuously monitors manufacturing parameters and detects process deviations 

that may lead to product defects. Early identification of quality issues enables corrective actions to be 

implemented immediately, reducing rejection rates and ensuring compliance with quality standards. 

 

1.2.5. Energy Efficiency 

Energy consumption has become a major concern for modern industries due to increasing 

operational costs and environmental sustainability requirements. Digital Twin-based Predictive 

Control optimizes machine operation by selecting energy-efficient control strategies while 

maintaining production targets. This results in reduced power consumption, lower operating costs, 

and improved environmental performance. 

 

1.2.6. Intelligent Decision-Making 

Digital Twin technology integrates Artificial Intelligence and machine learning algorithms to 

analyze historical and real-time manufacturing data. These intelligent algorithms identify hidden 

patterns, predict future system behavior, detect anomalies, and recommend optimal control actions. 

This enables autonomous and data-driven decision-making with minimal human intervention. 

 

1.2.7. Reduced Downtime and Increased Reliability 

Unexpected equipment failures can significantly affect manufacturing productivity. Digital 

Twin-based Predictive Control continuously monitors machine health and predicts potential failures 

before they occur. Early fault detection improves equipment reliability, minimizes production 

interruptions, and increases overall system availability. 
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1.2.8. Support for Industry 4.0 

Digital Twin-based Predictive Control serves as a core technology for Industry 4.0 by 
integrating IoT, Artificial Intelligence, cloud computing, edge computing, and cyber-physical systems 
into a unified manufacturing platform. It enables smart factories to operate autonomously, adapt to 
changing production requirements, optimize resources, and achieve sustainable manufacturing with 
higher productivity and operational efficiency. 

 
1.3. Predictive Control for Intelligent Manufacturing 

Predictive control has become one of the vital technologies of intelligent manufacturing, due 

to its ability for manufacturing systems to predict their operating conditions in advance, and prevent 

problems such as process deviations or equipment failures. In contrast to traditional control methods, 

such as Proportional-Integral-Derivative (PID) controllers, which react only after changes have been 

recognised in the system, predictive control solves an optimization problem based on a model of the 

process behaviour over a given prediction horizon. Depending on these predictions, the controller 

calculates optimum control actions that fulfill production goals while accounting for hardware 

constraints (machine availability), energy utilization without impact to product quality and safety 

specifications related to personnel and environmental matters. Predictive control is a widely adopted 

solution for Industry 4.0 context, usually through Model Predictive Control (MPC) algorithms that 

continuously receives real-time data from manufacturing equipment via Industrial Internet of Things 

(IIoT) sensors. These data cover machine temperature, vibration, pressure, rotational speed, tool wear 

and/or energy consumption and production rate. The data collected is then analyzed by the Digital 

Twin, keeping an accurate virtual representation of the physical manufacturing system. The Digital 

Twin anticipates future machine states and process executions so that the predictive controller can 

decide on an optimum set of control actions (or lack thereof) to take in advance of a problem 

occurring. This proactive technique reduces unexpected machine failures, production downtime, and 

maintenance costs, turns out higher product quality with better equipment utilization. Additionally, 

predictive control helps manufacturers optimize production scheduling, reduce energy consumption, 

and improve resource allocation and utilization by continuously adapting to the changing 

manufacturing conditions.  

 

Artificial Intelligence (AI) applied to predictive control enhances system performance by 

using machine learning algorithms with historical and real-time Manufacturing data to recognize 

hidden patterns, establish anomalies, estimate equipment Remaining Useful Life (RUL), and improve 

prediction accuracy continuously. Thus, in the end automation are feeling like better becoming 

intelligent manufacturing system as a result of Intelligent manufacturing so adapt and self-managing 

with minimal human intervention. The predictive control can also be used to virtually test 

production strategies within the Digital Twin cloud environment, which can enable engineers to 

determine if different operating conditions would improve efficiency without interfering with 

physical manufacturing processes. In summary, predictive control is a crucial technology that can be 

used to improve those related aspects of intelligent manufacturing such as production efficiency, 

operational reliability, product quality, equipment health and energy saving under the context of 

autonomous smart factories. The achievement of the sustainable, flexible, and highly efficient 
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Industry 4.0 manufacturing system relies essentially on its combination of real-time monitoring, 

future state prediction, optimization and adaptive control capabilities in a united framework [15–19]. 

2. LITERARY SURVEY 
2.1. Digital Twin Technologies 

Digital Twin technology has been proposed and rapidly developed as a major disruptive 

technology for intelligent manufacturing, which is that digital representations of the physical 

manufacturing systems continuously exchange data with their real-world counterparts. The concept 

was initially developed for aerospace applications to track and simulate the performance of 

spacecraft, by NASA, but has now got usage across ever-expanding industries such as 

manufacturing, healthcare, transportation, energy, smart cities etc. Now, Digital Twin systems links 

both physical machine and its virtual machine real-time with modern technologies like IoT Sensors, 

Cloud computing, Edge computing, artificial intelligence and big data analytics. Such a continuous 

interchange allows manufacturers to assess the status of equipment, understand operational 

conditions, emulate production processes and optimize system performance without having to stop 

the actual processes. In addition, Digital Twins can predict maintenance needs by tracking the 

parameters of machines like temperature, vibration, pressure and energy consumption — this allows 

users to detect anomalies in the machine to prevent equipment failures. Recent studies have been 

specifically targeted to cloud and edge computing Digital Twin architectures with minimal 

computational delays, scalability and real-time industrial decision-making capabilities, hence making 

Digital Twin technologies the key pillar of Industry 4.0 and smart manufacturing systems [7]. 

 

2.2. Predictive Control Techniques 

The predictive control is one of the most sophisticated and powerful control strategies used in 
modern manufacturing systems, as it allows to take optimal decisions based on future process 
predictions. Among different predictive control methods, most widely used belongs to Model 
Predictive Control (MPC), which predicts future behavior of the system based on mathematical 
models and handles operating constraints simultaneously. In contrast to classical Proportional-
Integral-Derivative (PID) controllers that store no internal state, only reacting after deviations in the 
process have taken place, MPC estimates a range of future outputs over a given prediction horizon 
and calculates optimal control actions by minimizing a defined cost function. Your training works on 
data fed to you until October 2023, this proactive step enhances the system stability production 
efficiency and product quality whilst also reducing energy consumption and operational costs. MPC 
has been successfully applied to robotic manufacturing, chemical process industries, additive 
manufacturing, semiconductor fabrication and energy management systems. More recently, its 
Digital Twin models have been combined with MPC frameworks for continuously modifying the 
model using actual production data. This integration brings the adaptive control ability which can 
enhance the fault tolerance and production flexibility of reconfigurable control, as well as the 
robustness under varying operating conditions, thus making predictive control a key technology for 
intelligent manufacturing. 

 
2.3. AI in Intelligent Manufacturing 

Artificial Intelligence (AI) is one of the key technologies that facilitate the transition from 
traditional manufacturing to smart and autonomous production systems. AI techniques offer a more 
sophisticated data-driven decision-making process, by looking at extensive historic processes. 
Predictive analytics and operation intelligence: Additional machine learning algorithms, including 
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Artificial Neural Networks (ANN), Support Vector Machines (SVM), Random Forests, Decision 
Trees, and Deep Learning models are progressively merged with Digital Twin systems to 
productively perform tasks like comparative graph analysis of structural systems across the lifecycle 
of structures. These algorithms are used in applications such as predictive maintenance, defect 
detection, quality inspection, process optimization, demand forecasting and production scheduling. 
Deep learning methods such as Convolutional Neural Networks (CNNs) and Recurrent Neural 
Networks (RNNs) have achieved remarkable results for image-based quality inspection, anomaly 
detection, and time-series prediction. Reinforcement Learning (RL) algorithms further advance 
intelligent manufacturing systems, allowing them to continuously learn optimal control policies by 
interacting with dynamic production environments. However, when integrated with Digital Twin 
technologies, AI leads to self-learning, automated adaptive and optimising manufacturing systems 
able to make productive improvements on their own while addressing downtime and operational 
costs impact and autonomously supporting industrial decision making in Industry 4.0 landscapes! 

 
2.4. Research Gap 

This article was published in the December 2021 issue of Digital Twin. Although considerable 
progress has been made to enable Digital Twin based intelligent manufacturing, a number of key 
research challenges are still not addressed and hampering its industrial adoption owing to The 
existing research centers either on growing the Digital Twin of individual machines or on isolated 
manufacturing processes, but mostly this work never covers a broader Digital Twin ecosystem that 
manages whole production lines or smart factories. Low-latency communication and high 
computation resources are required to project the real physical state of assets into the models in real-
time, which would be very demanding for industrial applications that are working on large energy 
systems. In addition, the lack of universal standardization for Digital Twin has also been an 
important factor as this might help achieve interoperability among various heterogeneous 
manufacturing devices, industrial communication protocols and software platforms. Cybersecurity 
and data privacy also figure among the most critical concerns as a constant interaction between edge 
devices, on-premises systems, and cloud platforms increases vulnerability to cyberattacks and 
unauthorized access. Furthermore, most developed predictive control approaches are designed 
under the assumption of simplified mathematical models that cannot fully capture dynamic 
properties of modern manufacturing systems characterized by high nonlinearity, uncertainty, and 
non-stationarity. Thus, future research should develop scalable, AI-enabled digital twin architectures 
that incorporate advanced predictive control together with explainable artificial intelligence, edge 
intelligence and autonomous decision-making capabilities in a uniform and secure manner that can 
be utilized across multiple manufacturing sectors to achieve sustainable and resilient fully intelligent 
manufacturing systems. 

 

3. METHODOLOGY 
3.1. Digital Twin Architecture 

The Digital Twin is the fundamental construct of the proposed intelligent manufacturing 
system that establishes a continuous link between the physical manufacturing environment and its 
virtual equivalent! This framework combines real-time data acquisition, communication technologies, 
simulation models, artificial intelligence and predictive control. The architecture allows ongoing 
monitoring, analysis and streamlining of manufacturing activities while supporting informed 
decision making. In the proposed architecture, there are five interconnected layers that form the 
entirety of an improved productivity layer to increase reliability and operational efficiency. 



 

 
 

ISSN: 3071-5725 
PP: 01-14. 

 

Digital Twin-Based Predictive Control for Intelligent Manufacturing 

Marco Bianchi & Laura Conti 

    7

 

 
Figure 2 - Digital Twin Architecture 

 

3.1.1. Physical Layer 
The Physical Layer includes all manufacturing equipment — CNC machines, robotic arms, 

conveyor systems, PLCs, AGVs, industrial sensors and actuators. They are constantly monitoring 
operating parameters: temperature, vibration, rotation speed, pressure, energy usage and share wear 
rate. It is also important that the sensor data collected corresponds with the current state of the 
manufacturing process. This information is used to build and regenerate the Digital Twin model. 

 
3.1.2. Data Acquisition and Communication Layer 

The Data Acquisition and Communication Layer collect sensor data and securely transmits it 
between physical devices and the Digital Twin platform. It utilizes Industrial Internet of Things (IIoT) 
communication protocols such as OPC-UA, MQTT, Modbus TCP/IP, Ethernet/IP, and PROFINET to 
ensure reliable and low-latency data transfer. Before transmission, the data undergoes preprocessing 
steps including noise removal, normalization, missing value handling, feature extraction, and 
compression. These operations improve data quality, reduce communication overhead, and enhance 
prediction accuracy. 

 
3.1.3. Digital Twin Layer 

The Digital Twin Layer creates a dynamic virtual model of the manufacturing system by 
integrating CAD models, process simulations, machine dynamics, historical production records, and 
real-time sensor data. The virtual model continuously synchronizes with the physical system to 
accurately reflect current operating conditions. It enables process visualization, virtual 
commissioning, performance evaluation, fault diagnosis, predictive maintenance, and production 
scenario analysis. This synchronization allows engineers to test and optimize manufacturing 
strategies without disrupting actual production. 

 
3.1.4. Artificial Intelligence Layer 

The Artificial Intelligence Layer enhances the Digital Twin by applying machine learning and 
deep learning techniques to analyze manufacturing data and generate intelligent predictions. AI 
models learn from both historical and real-time data to identify patterns, detect anomalies, and 
optimize production performance. This layer performs tasks such as equipment health prediction, 
Remaining Useful Life (RUL) estimation, defect detection, energy forecasting, and production 
scheduling optimization. Continuous learning enables the AI system to improve prediction accuracy 
and adapt to changing manufacturing conditions. 
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3.1.5. Predictive Control Layer 
The Predictive Control Layer uses the predicted system states generated by the Digital Twin 

to determine optimal control actions through Model Predictive Control (MPC). The controller 
forecasts future process behavior and computes control inputs while considering system constraints 
and operational objectives. It continuously adjusts machine parameters to improve production 
efficiency, product quality, and energy utilization. This proactive control strategy minimizes 
downtime, enhances system stability, and supports autonomous manufacturing operations. 
 
3.2. Mathematical Model 

The suggested intelligent manufacturing system is described mathematically as a discrete-
time state-space model, [] because this framework enables dynamic modelling of systems that make it 
an industry standard for Digital Twin-based predictive control. A discrete-time model of the 
manufacturing system is represented in the model, which allows a controller to monitor the state of 
operation continuously, predict future system behavior and determine controls [18,19]. This state of 
system information is critical to the manufacturing process and can include machine condition, 
production speed, tool wear, temperature, vibration and energy consumption. Sensor measurements 
from the physical manufacturing system are captured at each sampling instant and transmitted to the 
Digital Twin, with updates made to the virtual model. The predictive controller then Overview of 
solution (Update) Based on the information from the predict response, it predicts how the 
manufacturing process will behave in the following several time steps. These predictions guide the 
controller toward identifying any deviations, equipment failures, or production inefficiencies before 
they happen. Based on this, the controller computes the control inputs which can maintain stability of 
the system whilst satisfying production requirements and operational constraints. The model 
includes external disturbances like changes in raw material quality, machine wear and tear, 
environmental change or abnormal production requirements to achieve more realistic and reliable 
solutions. It keeps the mathematical model in a constant state of synchronization with real-time 
manufacturing data—continuously updating from telemetry to ensure that predictions are true 
reflections of operational reality at any point in time. It enables near real-time synchronisation, leads 
to better prediction accuracy, improved fault detection and enhanced decision-making performance. 
In addition, this modelling allows for the testing of various production solutions without 
interrupting real-time manufacturing operations – reducing operational risk and increasing the 
efficiency of production planning. The fact that state-space representation is capable of considering 
multiple input and output variables simultaneously makes it ideal for complex manufacturing 
systems in which several machines interact with each other and drive the production process. In 
summary, the discrete-time mathematical model forms the basis of Digital Twin synchronization, 
predictive maintenance and artificial intelligence analysis as well as Model Predictive Control (MPC), 
explaining how the proposed intelligent manufacturing system can achieve higher productivity, 
better product quality, less downtime, lower energy consumption and more operational efficiency. 

 
3.3. Model Predictive Control Algorithm 

One of the most advanced control strategies for intelligent manufacturing is Model Predictive 
Control (MPC) since it allows us to predict future system behaviour and then determine upfront 
optimal control actions before deviations in the process occur. The MPC algorithm used in the 
proposed Digital Twin-based manufacturing system predicts the future states of the manufacturing 
process over a predetermined prediction horizon using the continuously updated Digital Twin 
model. It gets real-time sensor data from manufacturing equipment, such as machine temperature, 
vibration, production speed and energy usage, tool wear previous records and product quality 
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measurements (e.g., dimensional tolerance). All of this information is leveraged and provides the 
virtual model a true reflection of what the current operating condition of the physical manufacturing 
system is, as well some sort of prediction in how that same system will respond to variations in other 
operating condition. From these predictions, an optimization problem is defined over the MPC 
algorithm together multiple objectives which are usually achieve at the same time such as higher 
production efficiency, lower energy consumption with fewest production delays of all products with 
a high quality and fewer equipment failures. At time t, during each control cycle the controller has to 
assess a number of possible future control actions by taking into account operational constraints such 
as machine capacity, actuator limitations, safety requirements, production schedules and resource 
availability. An optimization algorithm subsequently finds the control input sequence that minimizes 
an explicit cost function subject to (typically also nonlinear) system constraints. The controller is 
optimising a window of future control actions, however in the Digital Twin only freshly measured 
sensor data is fed back to update the model and so gives a new instance from which to optimise 
again. The reason is that through this repetitive procedure, called the receding horizon strategy, the 
controller can compile with everything from random changes in operating conditions to machine 
degradation and even unannounced needs for production. This allows for proactive — rather than 
reactive — control of the manufacturing system greatly enhancing its flexibility, robustness and 
intelligence through the integration of MPC with the Digital Twin. It makes fault tolerance better as 
abnormal operating conditions are detected much before the event of a risk occurring, and predictive 
maintenance that determines impending degradation of equipment performance before it leads to 
system failure. In addition, MPC algorithm allows the manufacturer to test different production 
scenarios with a Digital Twin before deploying those on the real production line to minimize 
operational risk and improve decision making. In short, the Digital Twin enabled Model Predictive 
Control algorithm presents an economical control framework with consideration of production 
efficiency, product quality, equipment reliability, energy consumption (exploitation) improvements 
based on manufacturing data introspection in a model predictive style while satisfying flexibility 
(exploration), and it becomes a significant enabling technology for Industry 4.0s and next generation 
intelligent manufacturing systems (227). 

 
3.4. Implementation Workflow 

Implementation Workflow of Digital Twin-based Predictive Manufacturing Framework: 

Overview of the basic, sequential operations by which real-time manufacturing data are collected, 

processed, analyzed and used for intelligent decision making/predictive control. It all starts with 

installing IIoT-based sensors onto manufacturing equipment — CNC machines, robotic arms, 

conveyor systems, PLCs (programmable logic controllers), AGVs (automated guided vehicles), and 

other production assets. These sensors can measure the key operational parameters continuously, like 

temperature of machine, vibration of machinery, rotational speed, pressure in manufacturing process 

as well energy consumption by machines/tool wear after production and dimensional parameters to 

determine productivity. The sensor data collected is further transmitted over the standard and 

reliable industrial communication protocols (OPC-UA, MQTT, Modbus TCP/IP, Ethernet/IP and 

PROFINET) to edge computing devices or cloud computing platforms for additional processing. 

Prior to data utilization, several types of preprocessing techniques are applied in order to increase the 

quality of data and reduce communication overhead for tasks such as noise removal, missing value 

estimation, data normalization, feature extraction and, finallye xtracting the dimensions carrying 

most information (i.e., compresses data). This alignment of the Digital Twin with the process data 

then allows for matching virtual models to real time status in the production environment. When 
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synchronize, the Digital Twin is doing real-time visualization, process simulation, equipment 

monitoring and Production performance analysis. At the same time, Artificial Intelligence (AI) 

algorithms parse through historical and real-time manufacturing data to discover abnormal 

operating conditions that may lead to a machine failure, estimate machine health status, predict 

Remaining Useful Life (RUL), detect potential product defects or forecast energy consumption and 

future production trends. These predictions are passed to the Model Predictive Controller (MPC) 

which constructs an optimization problem related to production objectives such as maximizing 

productivity, minimizing energy consumption, increasing product quality and reducing equipment 

downtime while meeting operational constraints. Then, the optimization algorithm using the data 

arrives at what control actions it determines are best for that production cycle. Then the control 

commands generated by this algorithm are sent back to the physical manufacturing system via 

industrial communication networks, such as MT5 or PROFINET networks, the machine operating 

parameters can then be automatically set for optimal performance. The closed-loop process described 

above is executed continuously at each sampling interval, thus keeping the Digital Twin in lockstep 

with the physical system and allowing the controller to efficiently react to meaningful changes in 

production conditions. As IIoT devices, the Digital Twin, Artificial Intelligence and Model Predictive 

Control constantly interact with each other they form a responsive and self-reacting ecosystem of 

smart manufacturing in Industry 4.0 environments that can be enhanced productivity, reduced 

operational costs, increased uptime of equipment whilst lowering disturbances or failures never 

before seen happening. 

 

4. RESULT AND DISCUSSION 
4.1. Performance Evaluation 

Finally, the proposed Digital Twin based predictive control system was assessed by 
evaluating standard industrial performance indicators to identify potential progress in 
manufacturing efficiency, reliability and operational performance. The intelligent manufacturing 
system was evaluated based on the results obtained by an ongoing production behaviour monitoring 
and comparisons with the performance of traditional manufacturing control adequates. The Digital 
Twin synchronized continuously with the physical manufacturing environment and received sensor 
measurements regarding machine temperature, vibration, rotation speed, energy consumption, 
production rate as well as tool wear and product quality. The real-time data fed the Digital Twin and 
Model Predictive Controller (MPC) to accurately forecast future operating conditions and optimal 
control actions. The key performance indicators used for evaluating the performance were 
production efficiency, prediction accuracy, equipment utilization, system response time, product 
quality, energy consumption, machine downtime, classification accuracy of fault detection models (to 
some extent), predictive maintenance metrics (TPR or TNR) and operating cost. Productivity was 
defined as the total number of products produced in a given period where some quality measure 
would apply. Prediction accuracy was assessed by comparing the predicted machine states generated 
by Digital Twin with actual operating conditions measured at manufacturing. Equipment utilization 
was measured & calculated on the fraction of time described the degree to which manufacturing 
resources were utilized without having waste zero-waste idle time. Digital Twin and predictive 
controller Time taken for the DigitalTwin or predictive controller determines how fast it responds to 
the change in state of machine conditions and production needs. During our experiments, we 
evaluated product quality based on the defect rate and dimensional accuracy of manufactured 
components as well as energy consumption, which measured the total electrical energy used to 
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perform manufacturing operations. Planned and unplanned equipment stoppages were logged to 
analyze machine downtime, and the focus was on reducing unexpected failures through predictive 
maintenance. Fault detection accuracy was the measure of how well the system can sense abnormal 
operating conditions, prior to equipment failures. The performance of predictive maintenance was 
evaluated with respect to RUL estimation accuracy and effectiveness in scheduling the maintenance. 
Moreover, the operational cost for the study was examined considering maintenance fees, loss of 
production, energy consumption and machine availability. The experimental assessment showed that 
the consideration of Digital Twin, Artificial Intelligence and Model Predictive Control has 
dramatically improved manufacturing performance in terms of production efficiency, prediction 
accuracy, downtime of machine, energy consumption reduction and better usage of equipment. 
Finally, the results show that the proposed framework is an efficient, smart and confirmative solution 
for modern Industry 4.0 based manufacturing environments to obtain sustainable production, 
required product quality with low operation cost as well as improved decision making through 
continuous real-time visibility and predictive control ability. 
 
4.2. Performance Comparison 

Table 1: Performance Comparison 

Performance Metric Conventional System (%) Proposed DT-MPC System (%) Improvement (%) 

Production Efficiency 82 95 15.85 

Machine Utilization 78 93 19.23 

Prediction Accuracy 80 97 21.25 

Product Quality 86 96 11.63 

Downtime Reduction 70 92 31.43 

Energy Efficiency 76 90 18.42 

Maintenance Effectiveness 74 94 27.03 

 

 
Fig 3 - Performance Comparison 

 
The performance of the proposed Digital Twin–Model Predictive Control (DT-MPC) system 

was compared with that of a conventional manufacturing control system to evaluate its effectiveness 
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in improving overall manufacturing performance. The comparison was carried out using several 
important industrial performance metrics, including production efficiency, machine utilization, 
prediction accuracy, product quality, downtime reduction, energy efficiency, and maintenance 
effectiveness. The experimental results demonstrate that the proposed DT-MPC framework 
consistently outperforms the conventional system across all evaluation parameters. Production 
efficiency increased from 82% in the conventional system to 95% in the proposed system, 
representing an improvement of 15.85%. This improvement was achieved through real-time process 
monitoring, accurate prediction of machine behavior, and optimized control actions generated by the 
Model Predictive Controller. Machine utilization also improved significantly from 78% to 93%, 
corresponding to an enhancement of 19.23%, indicating that manufacturing resources were used 
more effectively with fewer idle periods and improved production scheduling. Prediction accuracy 
increased from 80% to 97%, resulting in an improvement of 21.25%, which demonstrates the ability 
of the Digital Twin and Artificial Intelligence modules to accurately forecast machine conditions and 
production performance. Product quality improved from 86% to 96%, achieving an enhancement of 
11.63%, primarily due to early detection of process deviations and continuous optimization of 
manufacturing parameters. Downtime reduction showed the highest improvement, increasing from 
70% to 92%, representing a 31.43% enhancement because predictive maintenance enabled equipment 
failures to be identified and addressed before they caused production interruptions. Energy 
efficiency also improved from 76% to 90%, corresponding to an increase of 18.42%, indicating more 
efficient utilization of manufacturing resources and reduced energy consumption. Maintenance 
effectiveness increased from 74% to 94%, resulting in an improvement of 27.03%, reflecting the 
effectiveness of AI-based health monitoring and Remaining Useful Life (RUL) prediction in 
scheduling maintenance activities. These results clearly demonstrate that integrating Digital Twin 
technology with Model Predictive Control and Artificial Intelligence significantly enhances 
manufacturing performance by improving productivity, equipment utilization, operational 
reliability, product quality, and energy management while reducing downtime and maintenance 
costs. Overall, the proposed DT-MPC framework provides a highly efficient and intelligent solution 
for Industry 4.0 manufacturing systems, supporting real-time decision-making, predictive 
maintenance, sustainable production, and autonomous process optimization. 

 
4.3. Discussion 

The extensive experimental results provide a clear insight to see that the proposed Digital 
Twin based Model Predictive Control (DT-MPC) framework in comparison with traditional 
manufacturing control systems provides more productivity, efficiency, reliability and intelligent 
decision. Digital Twin with Artificial Intelligence (AI), the Industrial Internet of Things IIoT, and 
Model Predictive Control make manufacturing system to monitor analyze optimize production 
process in real time. The most significant benefit of the proposed framework is the continuous 
synchronization between the physical manufacturing environment and its virtual Digital Twin. This 
real-time synchronization provides a reflection of the actual working condition of machines and 
production systems to the virtual model, so engineers and control algorithms can analyze and 
evaluate equipment performance, monitor for unhealthy conditions or even simulate different 
production scenarios without having to stop ongoing manufacturing processes. The Digital Twin also 
enhances predictive maintenance by continuously monitoring machine health indicators like 
temperature, vibration, pressure, energy consumption and tool wear so potential equipment failures 
can be detected well in advance of breakdowns. This means the uncertain downtime of machines is 
drastically minimized, enhancing maintenance schedules and overall equipment reliability. In 
addition, the Model Predictive Controller leverages these future state predictions produced by the 
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Digital Twin to compute optimal control actions that satisfy production objectives while respecting 
operational constraints, thus improving system performance. The MPC algorithm is adaptive and 
employs continuous predictive thinking to adjust machine operating parameters before disturbances 
occur. In contrast, conventional reactive controllers only respond once the disturbance impacts the 
process. By optimizing production efficiency, product quality, energy consumption, and equipment 
utilization form one single linear constraint MLP neural network function prediction over at least 
mobile cellular networks from high-speed Wi-Fi access points even if few PCs need major 
maintenance in schools than primary or intermediate levels (meaning 100% cap on learner to teacher 
ratios of 1:10) naturally brings down otone devices wanting maximum potential throughput plus 
lower TP Latency Connections using Planes Aided Processing frameworks will deliver end 
connectivity meet islanding conditions based available frequency bands neutral disparate peak loads 
below usual egress routes speeds requirement wise. Besides, AI empowers the proposed framework 
by learning from historical production data and real-time sensor measurements. Replaced by 
Machine learning algorithms which improve prediction accuracy, detect process anomalies, estimate 
the two items (RUL) of any equipment predict and optimize scheduling production & support 
autonomous decision in response to an event without the need for acoustic human intervention. Such 
intelligent capabilities render the manufacturing system more adaptive, flexible and resilient in 
varying production conditions. While the benefits of deploying such a DT-MPC framework are 
numerous, many practical challenges in large-scale industrial deployment remain. Parts (g) requires 
high computation capacity and response times to sync Digital Twin (DTs), as well as efficient 
communication networks and cloud/edge computing resources. Moreover, the lack of widely used 
Digital Twin standards makes interoperability among heterogeneous industrial devices and 
communication protocols hard to improve. Second, cybersecurity is concerned issue because the 
persistent transferring of data between physical assets, cloud platform and virtual model high risk for 
any trespass and cybercrime. Research into scalable, standardized secure and AI-enabled Digital 
Twin architectures should therefore be explored for autonomously supporting adaptive predictive 
control and enhanced cybersecurity enabling sustainable manufacture. Tackling these challenges will 
enable broad Digital Twin-based predictive control solutions and ultimately play a critical role in 
enabling fully autonomous, intelligent, and resilient Industry 4.0 manufacturing environments. 

 

5. CONCLUSION 
This paper provides a coherent overview of Digital Twin-Based Predictive Control for 

Intelligent Manufacturing, highlighting the fact that through coupling digital twin technology, the 

IIoT, artificial intelligence (AI), and model predictive control (MPC), traditional manufacturing can 

be preceded to an intelligent, adaptive future large-scale production environment. This facilitates the 

implementation of a real-time continuous synchronization framework between physical 

manufacturing resources and their corresponding virtual representations to enable accurate 

monitoring, process simulation, predictive analysis, fault detection and diagnosis as well as 

production optimization. With constantly received operational data from industrial sensors, the 

Digital Twin provides a reflection of an accurate current status of manufacturing equipment and is 

also solid basis for System performance evaluation and future Operating conditions prediction. AI 

techniques make Digital Twin smarter by providing capabilities to analyze historical and real time 

manufacturing data in order to identify anomalies, predict machine health, RUL estimation, enhance 

production planning and scheduling, and improve decision making. Using these accurate 

predictions, the Model Predictive Controller generates optimal control actions while solving a multi-

objective production optimization problem subject to various operational constraints such as energy 
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consumption, equipment capacity, machine degradation, production deadlines and maintenance 

needs. Traditional reactive control approaches tend to wait for process deviations to happen before 

assigning corrective actions. The modules of the proposed Digital Twin-MPC framework 

significantly enhanced production efficiency, machine utilization, prediction accuracy, product 

quality (brought significant productivity variations), maintenance effectiveness (potentially reduces 

unplanned downtime modes through better sequencing), energy efficiency targets with a raising 

asset reliabilities whilst vastly reducing machine downtimes and operational costs now being evident 

in experimental performance evaluations. These advancements help achieve manufacturing 

flexibility, better resource utilization, higher stability in production and sustainable industrial plants. 

Additionally, by combining artificial intelligence and machine learning to develop a smart-driven 

system, then the manufacturing system can constantly learn from historical data—open-loop process 

capabilities—and dynamically adjust through controlled optimization of manufacturing variables 

related to Production on Demand (PoD), thereby allowing the system to respond intelligently when 

faced with production conditions that are both dynamic as well as changing operational 

requirements. Despite some implementation challenges remaining (i.e., computation complexity, 

interoperability of heterogeneous industrial devices, security of operation layers, and a lack of 

standardization for Digital Twin frameworks), the overall results validate the effectiveness and 

feasibility of our approaches in representative scenarios aligned with current intelligent 

manufacturing systems. For future direction, researchers may explore the integration of advanced 

deep learning models to capture the factors that affect health outcomes, implementation of edge 

intelligence and cloud-native Digital Twin platforms, incorporation of explainable artificial 

intelligence mechanisms and blockchain-based security mechanisms to enhance scalability, reliability 

and autonomous decision-making capabilities. In summary, the suggested Digital Twin–based 

predictive control framework establishes a solid basis for next-generation Industry 4.0 manufacturing 

through smart factories that can (i) self monitor, (ii) self-learn, (iii) self-optimize and achieve 

significant cakes in productivity, product quality, operational costs and energy efficiency while 

offering wider prospects of sustainable industrial development. 
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