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this study aims to present a comprehensive survey of the existing literature on
applying digital twins in large-scale power plants. These applications include
thermal, nuclear, and hydropower plants. Furthermore, this paper explores the
distinct architecture of a large-scale power plant digital twin. This comprehensive
survey paves the way for accurately identifying gaps and constraints restraining
the use of digital twins for large-scale power plants. There is a clear indication of
a research gap when examining the challenges and practical considerations in
implementing digital twins in large-scale power plants.
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1. Introduction

The current process of digitalizing organizations requires developing and implementing digital models, often
known as digital twins, which encompass a thorough understanding of real operational processes [1].

Digital twins rely on the creation of virtual models that are identical to their corresponding physical entities.
These models are designed to accurately replicate the states and behaviors of their physical counterparts, while
also possessing the capabilities to evaluate, optimize, and anticipate outcomes. The digital twin concept includes
an entire digital engineering perspective that spans several stages, including product design, development,
production planning, production engineering, production, and services. Furthermore, digital twins can be
developed at each step of the product life cycle to carry out various functions. Digital twin (DT) technology has
undergone significant evolution. Initially introduced by Michael Grieves in 2003 and adopted by NASA in 2012
for aerospace applications [2]. In 2012, NASA defined a digital twin as an integrated, probabilistic, multi-scale,
and multi-physics simulation of a system or vehicle, incorporating sensors and physical models [3]. Then, in 2017,
Chen [4] defined a digital twin as a digital portrayal of a physical system that accurately represes its functional
attributes and connections to its components. Liu [5] described the digital twin as a dynamic physical system model
that continuously adapts to disruptions in the system’s operations by utilizing real-time data. Subsequently, the
digital twin employs this data to forecast the future behavior of the physical system. While these definitions convey
similar concepts, they do not offer a precise and final definition of a digital twin. Consequently, in 2021, Semeraro
et al. [6] introduced a conclusive definition of a DT within the manufacturing sector. They characterized the digital
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twin technology as a set of adaptable models that enable replicating a physical system’s performance within a
digital framework. The digital system obtains real-time data to simulate the physical system’s behavior.
Subsequently, the digital twin can anticipate future malfunctions and identify opportunities for system
improvement, enabling it to recommend corrective actions. Due to the widespread use of digital twin technology,
it has been developed in numerous applications for various functions. For instance, digital twins have been applied
in manufacturing, remanufacturing, additive manufacturing, energy storage, renewable energy, power plants, and
automotive fields. In power systems, DT adoption is driven by the urgent need for real-time system monitoring,
predictive analytics, and lifecycle management. This has led to a growing interest in its deployment across thermal,
nuclear, and renewable energy-based power plants [7]. Most power plant operations involve producing high-
pressure superheated steam, which drives a steam turbine connected to an electric generator. Within water/steam
evaporator systems, two-phase flows are commonly encountered. Due to the intricate and diverse nature of this
flow pattern, numerous two-phase models with varying levels of complexity have been introduced in the literature
[8]. Thermal power plants, one of the earliest forms of energy generation, are widely used today as a primary
power source. The main components of a thermal power plant are the boiler, turbine, generator, condenser, cooling
tower, and pump [9-11]. Even though thermal power plants have been widely utilized, they are still associated
with several obstacles that negatively impact their performance and efficiency [12—14]. Challenges such as
equipment aging, environmental concerns, and the need for improved efficiency have prompted thermal power
plants to adopt advanced technologies such as digital technologies to address these issues. In thermal power plants,
digital twin technology offers valuable support to operators by facilitating equipment monitoring, early problem
detection, and overall plant efficiency improvement.

Similarly, digital twins in nuclear power plants are used to model, monitor, and optimize complex reactor
systems in real time. DTs offer a virtual replica of physical assets to support predictive maintenance, and fault
detection. By creating a digital twin of the power plant, operators can simulate and predict its behavior under
various operating conditions. This enables them to enhance performance, prolong the plant’s lifespan, and
minimize downtime [6].

Hydropower is a form of renewable energy that generates electricity by using the power of water as its
primary source of energy. Hydropower facilities may be found all over the globe, making it one of the oldest and
most popular renewable energy sources [15,16]. Using digital twins can improve plant efficiency by simulating
various situations and optimizing operational procedures, reducing energy waste and enhancing electricity
generation. Moreover, digital twins can monitor equipment in real-time and detect prospective issues, empowering
operators to carry out anticipated maintenance, prevent downtime, and curtail repair expenses. By simulating
diverse weather scenarios, operators can ensure resilience to weather patterns, including severe droughts and heavy
rainfall [17,18]. Furthermore, using digital twins can assist hydropower facilities in lessening their harmful
environmental effects by replicating the impacts of their operations on water quality, wildlife, and nearby
communities, and implementing strategies to mitigate these impacts [19].

There are many advantages associated with implementing digital twin technology in power plants. These
benefits include increased operational efficiency and performance [20], reduced maintenance costs [21], and
improved safety levels [22]. For example, operators can proactively identify potentially challenging situations and
take preventive measures by simulating the plant’s behaviour in a virtual environment before any actual issues
arise [23]. This can significantly reduce both downtime and maintenance expenses. Additionally, plant operators
can enhance the plant’s efficiency, resulting in cost savings and a reduced adverse impact on the environment [24].
Figure 1 illustrates the basic functions of digital twin utilized in multiple disciplines.

This study aims to present a comprehensive review of the application of digital twins in thermal, nuclear, and
hydropower plants. Examining the existing literature, the main objective is to acquire a more profound
comprehension of the structures and capabilities of digital twins within the framework of smart energy systems.
Furthermore, this investigation aims to demonstrate the gaps in the existing literature and pinpoint the domains
that have been subject to insufficient examination, thereby highlighting the necessity for additional inquiry. This
study aims to contribute value to the progress of digital twin implementations within the power generation sector.

The specific objectives of this paper are defined as follows:

1.  Provides a comparative review of DT applications in thermal, nuclear, and hydropower sectors.
2. Introduces architectural and functional distinctions in DT deployment across different plant types.
3. Recommends gaps and research directions for future development.

The paper is organized as follows: Section 1 explores the application of digital twins across thermal, nuclear,
and hydropower plants. Section 2 presents the architectural layers and operational structure of digital twin systems.
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Section 3 highlights implementation challenges and current research gaps and concludes with key findings and
directions for future research.
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Figure 1. Basic functions of the digital twin.

2. Applications of Digital Twin Technology in Power Plants

In recent years, the digital twin technology has been gaining popularity in different industries due to the
benefits it offers [25-31]. With this technology, operators can monitor the performance of physical systems,
identify, and diagnose faults, and improve the efficiencies of these systems. As a result, digital twins have been
applied to various power plants to enhance their efficiency. There are several types of power plants, including
renewable power plants, such as solar thermal, solar photovoltaic, fuel cells, and wind turbine power plants, and
conventional power plants, such as coal-fired, nuclear, diesel-fired, and hydroelectric power plants. Figure 2
depicts the rapid advancement of digital twin technology over the past decade based on the substantial increase in
published articles focusing on the application of digital twins in conventional power plants (using the Scopus
database). Furthermore, the most prominent applications of digital twins in power plants are hydropower plants,
nuclear power plants, and thermal power plants.

The use of digital twin technology in power plants has optimized the performance of various plants, cut down
on unplanned downtime, and increased operational efficiency [32,33]. The digital twin can also provide real-time
monitoring and control of the plants [30]. In order to do this, the digital twin requires the utilization of sensors and
actuators in order to collect data on a wide range of variables, including temperature, pressure, and flow rates.
After that, the data is examined, and the analysis results are utilized to optimize the plant’s operations in real-time.
For instance, if the temperature inside a boiler rises too quickly, the digital twin system may change the air flow
fuel, or air flow to keep the boiler from overheating. Furthermore, the digital twin updates plant operators on all
the plant operations in real time. This, in return, enables them to recognize failures before they become significant
problems. Furthermore, the digital twin can detect failures by applying machine learning algorithms to examine
sensor data. In this way, the digital twin technology can detect trends that suggest the possibility of failure in any
of the machinery [34-36]. This can aid in reducing equipment downtime and extending the equipment’s lifespan. In
addition to these advantages, the digital twin can also perform predictive maintenance [37,38]. In predictive
maintenance, sensor data and other operational parameters are used to forecast potential faults in equipment before
their occurrence. This helps to reduce downtime and extend the equipment’s lifetime. As the digital twin offers
various services, it optimizes the plant’s performance continuously. Consequently, the digital twin can optimize a
plant’s performance by conducting various simulations and determining the optimal operational parameters [39,40].
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Figure 2. Number of publications related to the applications of digital twins in power plants.

2.1. Thermal Power Plants

The application of digital twin technology in thermal power plants has significantly transformed their
operational processes. The creation of a digital model of the power plant’s constituents and mechanisms enables
operators to gain insights about the plant’s functions. Furthermore, it enables the operators to take preventative
steps to tackle unexpected problems [41]. Moreover, digital twins allow predictive maintenance strategies and
provide the opportunity for simulated testing and enhancement of operations [42]. As a result, incorporating digital
twins to thermal power plants enhances efficiency, reliability, and sustainability. Figure 3 depicts the number of
publications discussing the integration of digital twins and thermal power plants. The Figure 3 indicates that most
researchers use digital twins to control and monitor thermal power plants. On the other hand, other digital twin
applications, such optimization, fault detection, and predictive maintenance, have received less attention.
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Figure 3. The number of publications in digital twin services for thermal power plants.

In recent years, significant research has been conducted on the optimization of thermal power plants. These
investigations aim to improve thermal power plant operations’ operational efficiency, profitability, and reliability
by employing diverse methodologies and technologies. Henceforth, digital twins have been employed to enhance
the thermal efficiency and operational performance of thermal power plants [43]. This was demonstrated in a study
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conducted by Sleiti et al. [22], where the authors implement the digital twin technology in forthcoming power
plants. The authors underscore the significance of heightened dependability, availability, and serviceability in
power generation facilities, and advocate for a thorough and robust digital twin framework. Moreover, the study
highlights the benefits of utilizing anomaly detection and deep learning algorithms to enhance energy efficiency
and transform the energy production industry. Meanwhile, Yu et al. [44] developed a hybrid modeling framework
to enhance the performance of functional thermal power plants. The proposed framework integrates physical
mechanisms and operational data to develop grey-box models for thermal systems. The authors employed a
theoretical framework to analyze an ultra-supercritical double reheat power plant in order to effectively simulate
its constituent parts. Additionally, this study highlights the significance of performance monitoring and equipment
maintenance, specifically for the steam turbine. Whereas, Spinti et al. [45] focused on enhancing the performance
of a biomass-fired tower boiler. The authors emphasized the potential advantages of their methodology, which
encompass enhanced boiler efficiency, decreased maintenance costs, and optimized utilization of biomass.
Whereas other researchers have explored the improvement of turbomachinery’s aerodynamic efficacies. For
example, Li et al. [46] proposed using graph learning algorithms to address the deleterious effects of multi-source
uncertainty on the efficacy and dependability of energy systems.

The previously mentioned investigations employ digital twin technology, hybrid modeling methodologies,
and advanced algorithms to improve thermal power plants’ efficiency, reliability, and sustainability. Expanding
upon the significance of effective plant operations, Mukherjee et al. [47] presented a two-stage methodology for
immediately determining the coal type in thermal power plants. In this study, the authors aim to mitigate the issue
of inconsistent coal quality by using sensor data for expeditious coal categorization. The results highlight the
significance of coal quality in enhancing the functions of thermal power plants and the possible advantages of
monitoring coal quality in real time. As a result, the following benefits are expected: better performance of mills
and boilers, decreased emissions, reduced operational expenses, and increased power plant availability. In addition
to the enhanced efficiency of the power plant, digital twins can improve resource efficiency. This was illustrated
in a study conducted by Ji et al. [24] to highlight the significance of digital twin technology in managing water
resources within thermal power plants. The authors employ advanced information technologies and incorporate
digital twins to create a sophisticated intelligent water resource management system. This system enables
automatic updates, dynamic water balance experimentation, trend prediction, and real-time water modification and
enhancement guidance. This research highlights the promising use of digital twin technology in water resource
management across various industries, illustrating substantial reductions in water consumption, waste emissions,
and associated expenses when it is applied.

Two studies [48,49] have presented distinct methodologies for reconstructing temperature and concentration
fields. In one specific investigation [48], researchers focus their research on the concept of sparse reconstruction
within the context of an industrial natural gas boiler. The research findings indicate that the utilization of reduced
order models (ROMs) in conjunction with sparse reconstruction and nonlinear projection techniques can lead to
improved accuracy. Similarly, in a study conducted by Lee et al. [49]; the authors employ proper orthogonal
decomposition (POD), Kriging, and a radial basis neural network (RBFN) to construct ROMs for a pulverized coal
boiler. The replicated ROMs precisely capture spatial distributions, enabling timely feedback for efficient
management and upkeep of combustion facilities.

Detecting faults is critical in ensuring thermal power plants’ effective and safe functioning. Researchers have
developed the digital twin technology in recent years as a means to create advanced fault detection systems for
different power plant components. Digital twin models have improved the precision and efficiency of fault
detection systems in various applications such as gas turbines, steam power plants, industrial gas turbines, and
turbine blades. For instance, Hu et al. [50] created a digital twin model to suggest a gas-path fault early warning
system for gas turbines. Through the integration of a mechanism model with measurement data and the
incorporation of an error module, the model’s accuracy was enhanced, leading to a reduction in the required
modeling time and iterations. This research efficiently detected operational deficiencies in gas turbines while also
minimizing the occurrence of false alarms. Similarly, Cruz-Manzo et al. [51] utilized a digital-twin and analytical
redundancy strategy to develop a system for diagnosing sensor failures in an industrial gas turbine. The system
exhibited the ability to identify, isolate, and withstand sensor anomalies, thereby guaranteeing consistent and
reliable operation of the turbine, even in the event of sensor failures. In a similar context, a new methodology has
been proposed for anticipating and mitigating low-induced defects in turbine blades by Zhang et al. [52]. The
solidification phenomenon was replicated by researchers using a physically grounded numerical model. The
manifestation of flaws was investigated by analyzing the impact of internal blade configurations. Furthermore, the
application of digital twin technology in overseeing the well-being of machinery was emphasized, particularly in
the realms of equipment monitoring and fault detection [53]. This research emphasized the necessity of a more
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extensive digital twin framework that incorporates all operational scenarios and instances of malfunction, in
addition to advanced transfer learning algorithms.

In general, these studies showcase the importance of utilizing the digital twin technology, hybrid modeling
frameworks, Bayesian machine learning, and graph learning algorithms to enhance the operational efficiency of
thermal power plants. Through the utilization of these technologies, the thermal power plant’s efficiency can be
enhanced, operational expenses can be curbed, and unforeseeable fluctuations in heat and energy expenses can be
adjusted. As a result, the sustainability and dependability of energy generation can be significantly improved.
These improvements to the performance of thermal power plants are highly dependent on the implementation of
control and monitoring measures. Different investigations focus on different aspects of control and monitoring,
covering waste heat recovery, coal quality monitoring, water resource management, and reconstruction of
temperature distributions.

2.2. Nuclear Power Plants

Nuclear power plants are advanced facilities that harness energy from nuclear reactions to generate electrical
power. Nuclear power plants play a significant role in meeting the growing demand for sustainable and reliable
energy resources. Nuclear fission produces a significant quantity of electricity without releasing greenhouse gas
emissions [54]. Nuclear power plants offer a reliable and uninterrupted supply of electricity, contributing to global
energy’s sustainability [54]. Due to their effective functioning and strict compliance with safety regulations, it has
become an essential component of the energy mix in many nations across the globe [55]. As a result, many
researchers attempted to explore ways to improve nuclear power plants by integrating digital technologies, such
as the digital twin technology. Figure 4 illustrates the number of publications related to the applications of digital
twins in nuclear power plants based on different services provided by the digital twin. The figure shows an absence
of attention to fault identification, as only three publications have focused on this crucial aspect. Additional
investigation is required to establish solid and automated algorithms for rapid detection and diagnosis of faults,
thereby augmenting the safety of the plant. Furthermore, there is a need for further investigation in the domain of
performance prediction, as only three publications have been dedicated to this field.

12

10 T
10

Optimization Continuous Contol Fault Detection Predictive Maintenance

Figure 4. The number of publications in digital twin services for nuclear power plants.

The optimization of nuclear power plant performance is a crucial aspect in ensuring their efficient and reliable
operation. Recent research has proposed several methodologies to address various optimization aspects in nuclear
power plants. For instance, effective control of the steam pipe network is vital for optimizing the efficiency of
nuclear power facilities. In this regard, Sun et al. [23] explored the flow properties of the pipe network using matrix
solutions and techniques for identifying anomalies. However, addressing anomalies in highly dynamic situations
posed challenges for the outlier resolution method. In order to tackle this problem, a corrective action was
implemented, involving offline data correction at a designated pressure point. Furthermore, achieving precise real-
time functionality is critically important for optimizing the operation of nuclear power plants. In order to tackle

https://doi.org/10.53941/rset.2025.100005 6 of 16



Semeraro et al. Renew. Sustain. Energy Technol. 2025, 1(1), 5

this issue, Song et al. [56] introduced an autonomous calibration method for digital twins of nuclear power plants.
This research methodology involved two distinct phases, one offline and one online. The study demonstrated the
effectiveness of using clustering and error compensation techniques based on neural networks to improve the
calibration accuracy. These studies make valuable contributions towards enhancing the operational efficiency of
nuclear power plants. Sun et al. [23] established the foundation for implementing the digital twin framework by
utilizing the Improved Particle Swarm Optimization Method (IPSO) method for addressing the steam pipe
network. By integrating these methodologies, nuclear power plants can attain efficient flow optimization and real-
time calibration, ultimately resulting in improved performance.

In nuclear power plants, digital twins play a crucial role by enabling the monitoring and oversight of plant
operations by providing real-time insights into plant behaviour and operational variables. They support proactive
maintenance efforts, which, in turn, reduce downtime and enhance asset management. Digital twins also make
scenario analysis possible and assist in decision-making, allowing operators to respond effectively to emergencies
and optimize the plant’s performance. Furthermore, to ensure the safe and efficient operation of nuclear power
plants, it is imperative to have real-time monitoring and control. In this context, Gong et al. [57] conducted a study
to enhance the Reactor Operation Digital Twin (RODT) for real-time reactor core monitoring. Based on the data
obtained while real-time monitoring the physical system, the digital twin is able to make accurate estimations of
various parameters. This is demonstrated by Gong et al. [58], where an innovative approach was introduced to
utilize a digital twin to estimate input parameters and predict power field outcomes by analysing observed data.
The research findings demonstrated the precision and effectiveness of this proposed digital twin in power field
forecasting, even in the presence of measurement inaccuracies. This underscores the use of digital twins for remote
monitoring within the field of nuclear power plants. In the same way, Yang et al. [59] introduced a novel approach
that integrates singular value decomposition (SVD) and deep learning techniques to expedite the estimation
process while reducing computational and training costs. The research showcased effective forecasting of intricate
fluid dynamics and suggested improvements in neural network models and the integration of advanced fluid
mechanics data.

Identifying failures in nuclear power plants is essential to sustain safe and reliable functioning. Faults can
result in reduced operational efficiency, equipment malfunctions, and the emergence of safety hazards.
Consequently, implementing efficient fault detection methodologies is imperative to reduce downtime, enhance
maintenance operations, and enhance the performance of the overall facility. In order to automate the identification
and diagnosis of thermal-hydraulic faults in nuclear power plants using digital twins, Nguyen et al. [60] presented
a physics-based technique. The study employed principles of physics and simulated sensors to improve the ability
to detect faults and offer solutions based on a solid physical understanding. Using real-time data from the plant,
the method was shown to be effective in identifying and isolating sensor-related faults in a high-pressure
feedwater system.

2.3. Hydropower Plants

Hydropower plants utilize the kinetic energy of water in motion to produce electrical power through a
sustainable and environmentally friendly process. Renewable energy sources are essential components of this
energy system, as they aid in reducing greenhouse gas emissions and climate change impacts [15]. Hydropower
plants present a sustainable and eco-friendly option for fulfilling the increasing global energy demands, owing to
their extended lifespan and minimal operational expenses. Hydropower plants offer a reliable and efficient means
of generating electricity by harnessing the potential energy of water [61]. This source of energy serves as a reliable
power supply for both communities and industries. Due to the importance of hydropower plants, digital twin
technology was used for enhancing their performance. Figure 5 displays the number of publications associated
with the integration of hydropower plants and digital twins based on the service provided by the digital twin. As
shown in Figure 5, limited research investigations have highlighted the significance of optimization, monitoring,
and prediction in hydroelectric power generation systems. However, some researchers suggest using digital twins,
sensor data, and advanced modeling techniques to enhance maintenance, diagnose faults, predict remaining lifespan,
attain autonomous operation, and optimize the performance and durability of power generation infrastructures.

There are a few applications of using digital twins in hydropower plants to optimize, control, monitor, identify
faults, and maintain the power plant. However, a recent study was conducted by Wang [62] to forecast the future
state of hydraulic electromechanical equipment. The insufficiency of traditional maintenance techniques
encouraged the idea of a prognostic maintenance framework that utilizes the digital twin technology. The
methodology entailed deploying sensors to gather physical and spatial data. Subsequently, the data was utilized to
create a digital twin for qualitative and quantitative assessment. Utilizing an Artificial Neural Network (ANN)

https://doi.org/10.53941/rset.2025.100005 7 of 16



Semeraro et al. Renew. Sustain. Energy Technol. 2025, 1(1), 5

algorithm facilitated the fault diagnosis process, while the implementation of transfer learning techniques allowed
for a thorough fault diagnosis and accurate prediction of the power plant’s lifespan. In the same way, Voronin et
al. [63] proposed an effective way to achieve a self-sustaining power plant by reevaluating the infrastructure and
integrating reliable energy conversion components. The proposal involves utilizing a digital twin model and
integrating diagnostic equipment with a central command to enable continuous monitoring. This, in return, ensures
autonomous power generation without human intervention. In addition to these studies, Dreyer et al. [64] proposed
a Hydro-Clone system to monitor penstock fatigue by utilizing a digital twin that measures fluctuating pressures.
The system efficiently transformed the pressure into stress by utilizing analytical formulas or finite element
modeling. The utilization of comparative analysis has revealed the benefits of real-time monitoring and has also
highlighted the influence of ancillary services on penstock fatigue. The utilization of Hydro-Clone data has the
potential to enhance the performance of turbine governors, reduce fatigue, facilitate inspections, and pinpoint
maneuvers that contribute to fatigue, thereby reducing wear.

2.5

1.5

0.5

0

Optimization Continuous Contol Predictive Maintenance Fault Detection

Figure 5. The number of publications in digital twin services for hydropower plants.

3. Digital Twin in Power Plants Analysis

Based on the above sections, digital twins can be used to improve large-scale power plants, such as thermal,
nuclear, and hydropower plants. The results of the extensive review of the existing literature on the implementation
of digital twin technology in thermal, nuclear, and hydropower plants are summarized in Table 1. The table
provides a comprehensive inventory of research activities focusing on the utilization of digital twins in power
plants of these categories. Digital twins are being used to improve operational efficiency, fault diagnosis, and
maintenance strategies for thermal, nuclear, and hydropower plants.

Table 1 summarizes the main outcomes of the literature review by highlighting how digital twins are applied
across various types of power plants, detailing the specific services supported and the algorithms or tools
employed. This comparative overview aims to illustrate current trends in digital twin adoption and identify
prevalent technologies for each power plant category. Thermal plants show the most diversity in applications and
tools, indicating greater maturity. Nuclear power plants find application in digital twin for prediction and fault
detection, while hydropower plants is more used in design and monitoring.

As shown from Table 1, the successful implementation of digital twins in power systems include modeling
platforms, data analytics tools, machine learning algorithms. Below is a summary of key categories:

e  Modeling and Simulation Tools such as MATLAB/Simulink, ANSYS, Modelica, and PROcast are
commonly used to develop high-fidelity physical models of power systems, simulating thermal dynamics,
fluid flow, and energy balances.

e Al and Machine Learning Platforms like TensorFlow, PyTorch, and Scikit-learn facilitate data-driven
modeling, including predictive maintenance, anomaly detection, and optimization using historical and real-
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time data and Cloud services enable storage, processing, and analysis of massive datasets required for
effective digital twin functionality.

e [oT and Edge Computing such as AWS IoT TwinMaker, Azure Digital Twins, and Siemens MindSphere
enable real-time data acquisition, device management, and edge-level decision making.

Table 1. A comparative review of digital twin applications in thermal, nuclear, and hydropower plants.

Component Service Software/Algorithm Ref.
Coal-fired power plant Investigate potential optimization Thermoflow™ software [65]
strategies and prediction
Attain high levels of dependability,
Thermal Power Plant  availability, and maintainability in Vector autoregressive model [22]
future power plants
Organic Rankine Cycle Evaluate the thermodynamic ASPEN Plus model [66]
performance
Real-time soft sensing of coal type in Semi-supervised cascaded
Thermal Power Plant thermal power plants. clustering algorithm [47]
Thermal Power Plant  Improve plant safety and efficiency Grey-box models and Artificial [44]
neural networks
Adaptive control program, predictive
Thermal Power Plant Water resource management control program, fuzzy control program [24]
and neural network control program
. Optimize the performance of the . . .
Biomass Power Plant . . Bayesian machine learning [45]
biomass-fired tower boiler
Natural Gas Boiler Performance evaluation Gappy 1nterpol.at10n and radial basis [48]
function network
Vfali);d Zvilrl;?it;zn (;t;;lrlneefgzccﬁr?i Proper orthogonal decomposition (POD),
Coal-fired Power Plant TyIg op P & Kriging, and a Radial Basis Neural [49]
the design phase and enable real- .
. Network (RBFN) regression approach.
time response
Turbomachinery Optimizing the aerodynamlc Dual Graph Neural Network [46]
performance of turbomachinery.
Gas Turbine Fault detection Self-learning ba§ed on kernel density [50]
estimation
Mantlmseyzz?nm power Fault detection Modelica language, and modular modeling [67]
Gas Turbine failure diagnosis system Simulink [51]
Turbine Fault detection ProCAST [52]
Turbine Monitoring the performance - [33]
Turbine Fault detection MATLAB [53]
Nuclear Power Plants Optimizing pipe network Particle swarm optimization [23]
Machine learning techniques including k-
Nuclear Power Plants Prediction nearest-neighbors (KNN) and decision [58]
trees
Nuclear Power Plants Prediction Singular Value Dec,‘.omposnlpn (SVD) and [59]
deep learning techniques
Nuclear Power Plants Monitoring k-nearest neighbors algorithm (KNN) [57]
Nuclear Power Plants Autonomous control Artificial neural networ.ks and support [68]
vector machines
Nuclear Power Plants Fault detection Physics-based model [60]
Nuclear Power Plants Autonomous calibration Artificial neural network [56]
Hydropower Plants Prognostic maintenance and health Artificial neural network [62]
management
Hvdropower Plants Structural evaluation and operational ) (63]
ydrop optimization
Hydropower Plants Evaluation and monitoring Finite Element Method simulations [64]

These technologies enable real-time monitoring, simulation, and decision-making in large-scale power plants.

Other than the applications and functions of the digital twin developed for large-scale power plants, the digital
twin architecture requires deep understanding. The digital twin architecture utilized in power plants is comprised
of a network of interconnected components, including but not limited to sensors, data acquisition systems, cloud-
based storage, analytics algorithms, and visualization tools. The technology facilitates instantaneous monitoring,
analysis, and enhancement of plant operations, thereby providing operators and engineers with a digital power
plant simulation [69]. The implementation of digital twin architecture in power generation facilitates operational
efficiency and decision-making processes by collecting data from diverse equipment and systems, utilizing
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sophisticated analytics, and providing visualization capabilities. Wang et al. [70] have categorized the overall
structure of the digital twin into five different layers, namely the physical layer, data layer, mechanism layer,
presentation layer, and interaction layer. Figure 6 shows the basic structure of the digital twin in energy systems.

Physical Layer Data Layer Mechanism Layer Presentation Layer Interaction Layer
« Sensors and Controllers + Data Transmission + Constructing Simulation * User Interaction « human-machine
* Physical Systems * Communication Links Model * Visualizations and communication
+ Optimizing the System Analytical Tools « efficient and accurate
Model control
—~
/,? b |

1

B

&b
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%@T
b
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I
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Figure 6. The basic structure of digital twin technology [70].

In the physical layer, equipment has sensors installed in order to conduct regular condition monitoring, and
data is gathered through acquisition software. Nevertheless, the coordination among decentralized data collection
systems remains an ongoing hurdle. The foundational level of the energy Internet of Things (IoT) platform
incorporates extensive data, encompassing physical perception data, model generation data, and virtual reality
fusion data. This information originates from smart devices employing advanced sensor technologies, leading to
the collection of diverse and varied data types. Furthermore, it fosters the interaction among energy system
subsystems with differing protocols, platforms, and interfaces, enabling seamless integration and communication
among them. The physical layer of a digital twin for power plants encompasses the elements within a power plant,
encompassing items like boilers, turbines, generators, pumps, and valves. Thermal power plants usually consist of
a tangible layer composed of diverse elements like boilers, steam turbines, generators, cooling towers, and
condensers. In nuclear power plants, the physical layer includes components such as nuclear reactors, control rods,
steam generators, and cooling systems. In hydroelectric power generation, tangible infrastructure involves
components like dams, penstocks, turbines, and generators. This layer includes information about the plant’s
design, equipment technical specifications, and operational parameters. Furthermore, this layer incorporates
various sensors and monitoring devices that collect real-time data regarding the plant’s operational efficiency. This
data is then employed to update the other layers of the digital twin.

The data layer utilizes high-speed and low-latency communication links for efficient data transmission. It
also performs real-time data cleaning and standardization at the local level of each intelligent device. Furthermore,
leveraging data centers and cloud computing allows the system to adapt effectively to changing processing,
storage, and operation needs. Digital twins incorporate comprehensive data across the entire lifespan of an
intelligent device, whereas traditional condition monitoring relies solely on sensor data. Within a digital twin, the
data layer comprises information collected from sensors and monitoring devices positioned in the physical layer.
This dataset encompasses various operational parameters like temperature, pressure, and flow rates. The data layer
also includes historical data, which can be used to create predictive models for the plant’s efficiency. This
information is stored in a designated repository and can be accessed and analyzed by other layers of the digital twin.

The simulation model for the smart energy system, constructed based on the digital twin, utilizes a hybrid
modeling approach that combines both “model-driven” and “data-driven” techniques. This method adopts system
engineering modeling principles and centers around a data chain as its core component. Additionally, it integrates
artificial intelligence to continuously update and optimize the system model, resulting in an accurate virtual
representation. This model provides essential guidelines for selecting, designing, and producing intelligent devices,
going beyond mere decisions based on data changes, such as maintenance or replacement. The mechanism layer
within a digital twin aims to capture the fundamental principles of physics and engineering governing the behavior
of the plant. This layer consists of mathematical models and algorithms that simulate the behavior of the physical
components within the plant. For instance, these models encompass theoretical frameworks for heat transfer, fluid
flow dynamics, and the interrelation between heat and other energy forms. These models are used to predict how
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the plant will respond to varying operational conditions. In thermal power plants, the mechanism layer includes
models related to combustion, heat transfer, and fluid flow. In nuclear power plants, it comprises various models
concerning neutron behavior, heat transfer, and fluid flow. Hydroelectric power plants typically feature a
mechanism layer containing models for water flow, turbine performance, and generator behavior.

The component responsible for user interaction with the digital twin is known as the presentation layer. This
layer includes various visualizations and analytical tools designed to facilitate the monitoring of the plant’s
operational efficiency, enabling operators and engineers to make informed decisions. For instance, it may
incorporate dashboards displaying real-time data, trend charts highlighting changes over time, and alert systems
notifying operators of potential issues. The presentation layer for thermal, nuclear, and hydro power plants can
include different visualizations and tools tailored to the specific needs of each plant. Common instruments used in
this context include real-time monitoring interfaces, graphical representations of trends over time, and alert
systems. The presentation layer is interconnected to the interaction layer. The interaction layer goes beyond
traditional flat or simple three-dimensional displays. It enables real-time immersive interaction between users and
the models. This interactive experience is made possible by establishing communication channels between
individuals and intelligent devices, using technologies like speech recognition, posture analysis, and visual
tracking. This realistic connection allows for effective and precise control of various grids, such as the power grid,
gas grid, heat grid, transportation grid, and water grid, through multiple channels, facilitating interactive management.

While digital twin (DT) applications have traditionally focused on thermal, nuclear, and hydropower plants,
recent advancements have extended their utility to emerging power system technologies. These include Power-to-
X (PtX) systems, renewable-integrated heating networks, hybrid grids, and energy storage systems—all of which
require real-time coordination, optimization, and forecasting. Overall, digital twins are proving essential for
facilitating the flexible, efficient, and resilient operation of advanced and integrated power systems [44—66].

4. Conclusions and Research Challenges

The incorporation of contemporary machine learning and artificial intelligence capabilities has led to the
emergence of digital twin technology. The technology facilitates the integration of information between virtual
and physical models, enabling the exchange of information between digital and physical representations of energy
systems. Initially, it generates forecasts through the utilization of extensive data, a well-defined approach, and
exhaustive information. This technology offers considerable advantages to businesses, such as expediting risk
assessment and production timelines, enabling predictive maintenance, facilitating real-time remote monitoring,
and enhancing financial decision-making. Due to these advantages, the digital twin technology has been developed
for numerous applications. One of these applications is power plants, including thermal, hydro, and nuclear power
plants. The implementation of a digital twin for power plants has the potential to offer significant benefits to both
industrial and large-scale projects. These benefits include the ability to predict power output and efficiency,
optimize equipment-related parameters, and detect various types of system faults. There seems to be a significant
gap in the current literature regarding fault detection and predictive maintenance for large-scale power plants that
employ digital twins. The field of study in question exhibits significant promise in enhancing power facilities’
efficiency, dependability, and economic viability via sophisticated computational simulations and anticipatory
statistical analysis. Nonetheless, the restricted focus on this intersection impedes advancement and originality in
the discipline. By allocating greater attention, resources, and cooperative endeavors to this subject matter,
researchers will understand the complex concepts of fault detection and anticipated maintenance in relation to
digital twins of power plants. This investigation has the potential to provide valuable perspectives and approaches
that can substantially improve the effectiveness, security, and environmental friendliness of electricity production.
By dedicating more resources and conducting focused research, it is possible to facilitate significant progress in
the power industry, thereby guaranteeing the dependable and robust functioning of extensive power facilities.

The technology of digital twins is emerging as a promising innovation in the domain of large-scale power
plants. The digital twin technology provides a virtual copy of the physical power plant to provide valuable insights,
optimize operations, and improve the plant’s overall performance. Nevertheless, the implementation of digital
twins in intricate and vast settings presents an individual set of barriers and challenges. For example, data
integration and quality present a considerable challenge, given that large-scale power plants generate numerous
and diverse information from multiple origins. The process of consolidating and coordinating diverse data sets,
which may exhibit variations in structure and resolution, is imperative to uphold the authenticity and dependability
of the digital twin [71,72]. Another significant challenge revolves around scalability, stemming from the necessity
to faithfully depict the interactions and interdependencies among interconnected components throughout the entire
power plant. Overcoming this challenge involves expanding the digital twin model’s scale while maintaining high
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performance and computational efficiency [73-75]. As a result, attaining model complexity and precision is
challenging, given the involvement of various disciplines and systems in power plant operations that necessitate
precise representation in the digital twin. The maintenance of high-fidelity modeling is of utmost importance in
order to avert the possibility of unreliable predictions and suboptimal decision-making. Furthermore, the
acquisition and processing of real-time data from multiple sensors and devices gives rise to concerns regarding
latency and synchronization between the digital twin and the physical plant [76].

Securing digital twins is paramount, especially considering that power plants are deemed critical
infrastructure and susceptible to cyber threats. Safeguarding the operations of a power plant requires the adoption
of robust cybersecurity measures to preserve data integrity and prevent unauthorized access to the digital twin.
Integrating diverse systems and components from different providers into the digital twin presents challenges
related to interoperability and standardization. The absence of uniform protocols and data formats among these
providers complicates the integration process, highlighting the importance of standardized protocols and common
standards [77]. Additionally, effectively harnessing the vast data and insights generated by digital twins for
decision-making processes requires training operators and staff to comprehend and apply the provided information.
Striking the right equilibrium between automation and human expertise and judgment is crucial for maintaining
the safety and efficiency of power plant operations [78]. Overcoming these challenges is pivotal for successfully
integrating and utilizing digital twins in large-scale power plants.

Another critical challenge in implementing digital twins in power plants is the interoperability i.e., the need
for interconnection and communication among various system components. A digital twin must integrate real-time
data from a wide range of components. These components often operate across different communication protocols
and platforms, creating potential incompatibilities. Effective communication infrastructure is, therefore essential
for operating a digital twin.

The key findings of this work are summarised as follows:

1. Digital twin technology is most mature in thermal power plant applications, with diverse tools and advanced
use in optimization and fault detection.

2. Nuclear power applications focus on predictive analytics and automation.

3. Hydropower integration remains underexplored; recent studies show potential in lifespan prediction and
structural health monitoring.

These insights emphasize the transformative potential of digital twins in power systems. Future research
should focus on developing standardized frameworks, addressing data integration issues, and exploring
applications of DTs. Future studies should focus on establishing unified and standardized frameworks that outline
specific protocols, structured data models, and communication guidelines to facilitate smooth interoperability
among various digital twin systems and components. A significant focus should be placed on resolving data
integration difficulties, which involve aligning diverse data formats, acquiring real-time data, synchronizing inputs
from multiple sources, and handling extensive, high-speed data flows. In addition, upcoming research should
explore sophisticated algorithms for merging data, conducting predictive analysis, and applying machine learning
techniques to improve digital twin technologies’ precision, flexibility, and intelligence.
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