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Abstract 
The increasing complexity of thermal-fluid systems has created a growing demand for intelligent computational frameworks 

capable of real-time monitoring, prediction, optimization, and decision support. In this context, Artificial Intelligence (AI)-

assisted Digital Twin technology has emerged as a transformative approach that integrates physical systems, computational 

models, sensor networks, and data-driven intelligence within a unified virtual environment. This review presents a 

comprehensive examination of AI-assisted Digital Twin frameworks for heat transfer and fluid flow applications. The 

fundamental principles of thermal-fluid modeling, including governing transport equations, dimensionless parameters, and 

computational methodologies, are first discussed. Subsequently, the architecture of Digital Twin systems and the role of 

Artificial Intelligence techniques such as Machine Learning, Deep Learning, Explainable Artificial Intelligence, and Physics-

Informed Neural Networks are critically analyzed. The review further compares major computational frameworks, including 

Computational Fluid Dynamics, Finite Difference Methods, Finite Element Methods, Finite Volume Methods, and Physics-

Informed Neural Networks, highlighting their respective strengths and limitations in Digital Twin implementation. 

Representative applications in heat exchangers, HVAC systems, energy systems, manufacturing processes, microfluidics, and 

smart infrastructure are also examined. Finally, key challenges related to data quality, computational complexity, model 

integration, and explainability are discussed, together with emerging research directions toward autonomous and self-learning 

Digital Twin ecosystems. The findings indicate that the integration of physics-based modeling and Artificial Intelligence 

offers significant potential for advancing intelligent thermal-fluid systems, enabling enhanced operational efficiency, 

predictive capability, and sustainable engineering decision-making. 

 

Keywords: Artificial Intelligence; Digital Twin; Heat Transfer; Fluid Flow; Computational Fluid Dynamics; Physics-
Informed Neural Networks; Machine Learning; Thermal-Fluid Systems; Intelligent Modeling; Predictive Analytics. 

 

I. INTRODUCTION 
 

Heat transfer and fluid flow systems form the 

foundation of several engineering applications, including 

heat exchangers, energy systems, aerospace technologies, 

microfluidic devices, manufacturing processes, smart 

thermal management, and biomedical transport systems. 

Accurate modeling, prediction, monitoring, and 

optimization of thermal-fluid behavior are essential for 

improving system performance, reliability, energy 

efficiency, and operational safety. Traditionally, 

experimental investigations and physics-based 

computational models have been used to analyze these 

systems. However, many thermal-fluid problems involve 

nonlinear governing equations, multiscale interactions, 
complex boundary conditions, and high computational 

cost, making real-time prediction and control difficult 

using conventional approaches alone [14]–[18]. 

 

Computational Fluid Dynamics (CFD) has played a 

central role in the analysis of fluid flow and heat transfer 

processes. Numerical methods such as the Finite 

Difference Method, Finite Element Method, and Finite 

Volume Method have enabled detailed simulations of 

boundary layer flow, nanofluid transport, 

magnetohydrodynamics, porous media flow, and coupled 

heat and mass transfer systems [14]–[18]. Recent thermal-

fluid studies have further demonstrated the effectiveness 

of numerical and computational approaches in modeling 

MHD slip flow, radiative nanofluid transport, viscous 

dissipation effects, and finite element simulations of two-
phase transport systems [19]–[25]. Despite their accuracy, 
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high-fidelity simulations are often computationally 

expensive and may not be suitable for online monitoring, 

fast decision-making, or industrial-scale optimization. 

 

Artificial Intelligence has introduced a new direction 

for thermal-fluid modeling by enabling data-driven 

prediction, surrogate modeling, pattern recognition, and 

optimization. Machine learning and deep learning 

techniques have shown strong potential in fluid mechanics 

and CFD by accelerating simulations, identifying hidden 

flow structures, and supporting reduced-order modeling 

[9], [10]. Physics-Informed Neural Networks further 

strengthen this direction by embedding governing 

equations and boundary conditions directly into the 

learning framework, thereby combining physical 

consistency with computational flexibility [11]–[13]. Such 

approaches are especially useful for complex heat transfer 

and fluid flow problems where purely data-driven models 

may fail to generalize beyond training data. 

 

Parallel to advances in artificial intelligence, Digital 

Twin technology has emerged as a transformative 

framework for real-time monitoring, simulation, 

prediction, and optimization of engineering systems. The 

concept was initially introduced in manufacturing and later 

expanded into aerospace, smart manufacturing, cyber-

physical systems, and industrial process control [1]–[8]. A 

digital twin represents a dynamic virtual counterpart of a 

physical system that continuously receives data from 

sensors, updates computational models, predicts future 

behavior, and supports decision-making. Unlike static 

simulation models, digital twins operate through 

continuous interaction between physical and virtual 

systems, making them highly relevant for intelligent 

thermal-fluid applications. 

 

The integration of Artificial Intelligence with Digital 

Twin technology provides a promising pathway for next-

generation heat transfer and fluid flow systems. AI can 

improve the predictive capability of digital twins through 

rapid surrogate modeling, anomaly detection, parameter 

estimation, and optimization. At the same time, digital 

twins provide a structured framework for connecting 

sensor data, computational models, physical systems, and 

decision-support mechanisms. In thermal-fluid 

applications, this integration can support real-time heat 

exchanger monitoring, smart cooling systems, 

microfluidic control, energy system optimization, and 

autonomous industrial process management. 

 

Although digital twin technology and artificial 

intelligence have been widely discussed in smart 

manufacturing and cyber-physical systems, their 

combined application in heat transfer and fluid flow 

systems remains relatively fragmented. Existing studies 

often focus either on digital twin architectures or on AI-

based prediction models, while limited attention has been 

given to their integration with CFD, FEM, FDM, FVM, 
and PINN-based computational frameworks. Furthermore, 

few reviews provide a unified perspective connecting 

physical transport models, numerical simulations, data-

driven intelligence, and digital twin architectures for 

thermal-fluid modeling and optimization. 

 

This review addresses this gap by presenting a 

comprehensive discussion of Artificial Intelligence 

assisted Digital Twin frameworks for heat transfer and 

fluid flow modeling and optimization. The study connects 

classical computational models, machine learning, 

physics-informed learning, and digital twin architecture 

within a unified thermal-fluid framework. The central 

research questions considered in this review are: 

 

 RQ1. How can Artificial Intelligence improve the 

predictive capability of Digital Twins for heat transfer 

and fluid flow systems? 

 RQ2. What roles do CFD, FEM, FDM, FVM, and 

PINNs play in developing intelligent thermal-fluid 

Digital Twins? 

 RQ3. What are the major challenges in real-time 

implementation of AI-assisted Digital Twins for 

thermal-fluid systems? 

 RQ4. How can AI-assisted Digital Twins support 

modeling, prediction, control, and optimization in 

future engineering applications? 

 

The novelty of this review lies in integrating Artificial 

Intelligence, Digital Twin technology, and thermal-fluid 

computational modeling within a single framework. 

Unlike general reviews on digital twins or AI, this work 

focuses specifically on heat transfer and fluid flow systems 

and highlights the role of physics-based models, numerical 

methods, and physics-informed intelligence in building 

reliable Digital Twin ecosystems. The major contributions 

of this review are summarized as follows: 

 

 A unified overview of AI-assisted Digital Twin 

frameworks for heat transfer and fluid flow systems is 

presented. 

 The role of CFD, FEM, FDM, FVM, and PINNs in 

thermal-fluid Digital Twin development is discussed. 

 The integration of physical modeling, sensor data, 

artificial intelligence, and optimization is critically 

examined. 

 Applications in heat exchangers, energy systems, 

manufacturing, microfluidics, and thermal 

management are highlighted. 

 Future research directions toward autonomous, 

intelligent, and self-learning thermal-fluid Digital 

Twins are identified. 

 

The remainder of this paper is organized as follows. 

Section 2 presents the fundamentals of heat transfer and 

fluid flow systems. Section 3 discusses Digital Twin 

architecture for thermal-fluid applications. Section 4 

reviews Artificial Intelligence techniques used in thermal-

fluid modeling. Section 5 examines computational and 

numerical frameworks supporting Digital Twins. Section 

6 highlights major applications, while Section 7 discusses 
challenges and future research directions. Section 8 

concludes the review. 

 



168 

The successful implementation of intelligent 

thermal-fluid digital twins requires the integration of 

physical systems, sensing technologies, computational 

models, artificial intelligence algorithms, and optimization 

frameworks. Figure 1 illustrates the general architecture of 

an AI-assisted digital twin for heat transfer and fluid flow 

systems. Real-time sensor data continuously update the 

virtual model, while AI and computational intelligence 

modules provide prediction, anomaly detection, 

optimization, and decision-support capabilities. 

 

 
Fig 1 Artificial Intelligence Assisted Digital Twin Architecture for Heat Transfer and Fluid Flow Systems. 

 

II. FUNDAMENTALS OF HEAT TRANSFER 

AND FLUID FLOW SYSTEMS 
 

Heat transfer and fluid flow phenomena form the 

basis of numerous engineering applications, including heat 

exchangers, thermal management systems, energy 

conversion devices, aerospace technologies, 

manufacturing processes, and microfluidic platforms. The 

accurate prediction of momentum and thermal transport 

behavior is essential for improving system performance, 

reliability, and energy efficiency. Consequently, 

mathematical modeling and computational analysis have 

become indispensable tools for understanding and 

optimizing thermal-fluid systems. 

 

 Governing Transport Equations 

The behavior of thermal-fluid systems is governed by 

the conservation laws of mass, momentum, and energy. 

For incompressible Newtonian fluids, the governing 

equations can be expressed as follows. 

 

Continuity Equation 

 

𝛻 ⋅ 𝑉 = 0                                                             (1) 

 

Momentum Equation 

 

𝜌 (
𝜕𝑉

𝜕𝑡
+ V ⋅ ∇V) = −𝛻𝑝 + 𝜇𝛻2𝑉 + 𝐹             (2) 

 

Energy Equation 

 

𝜌𝑐𝑝 (
𝜕𝑇

𝜕𝑡
+ V ⋅ ∇T) = 𝑘𝛻2𝑇 + 𝑄                   (3) 

 

Where V denotes the velocity vector, p represents 

pressure, T is temperature, ρ is fluid density, μ is dynamic 

viscosity, cp is specific heat capacity, k is thermal 

conductivity, and Q denotes volumetric heat generation. 
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To obtain generalized transport formulations, 

characteristic scales are introduced as 

 

𝑋 =
𝑥

𝐿
, 𝑌 =

𝑦

𝐿
, 𝑈 =

𝑢

𝑈∞
, 𝑉 =

𝑣

𝑈∞
                      (4) 

 

Where L is the characteristic length and U∞ denotes 

the free-stream velocity. 

 

These governing equations constitute the 

mathematical foundation of most computational models 

employed in heat transfer and fluid flow analysis. 

 

 Dimensionless Parameters in Thermal-Fluid Systems 

Dimensionless groups play a crucial role in 

characterizing transport phenomena and establishing 

generalized engineering correlations. The most commonly 

used parameters include the Reynolds, Prandtl, Nusselt, 

Grashof, Péclet, and Richardson numbers. 

 

Reynolds Number 

 

𝑅𝑒 =
𝜌𝑈𝐿

𝜇
                                                           (5) 

 

The Reynolds number represents the ratio of inertial 

forces to viscous forces and is widely used to distinguish 

laminar and turbulent flow regimes. 

 

Prandtl Number 

 

𝑃𝑟 =
𝜈

𝛼
                                                                (6) 

 

The Prandtl number relates momentum diffusivity to 

thermal diffusivity. 

 

Nusselt Number 

 

𝑁𝑢 =
ℎ𝐿

𝑘
                                                                 (7) 

 

The Nusselt number characterizes the enhancement 

of heat transfer through convection relative to pure 

conduction. 

 

Grashof Number 

 

𝐺𝑟 =
𝑔𝛽(𝑇𝑤 − 𝑇∞)𝐿3

𝜈2
                                      (8) 

 

The Grashof number represents the ratio of buoyancy 

forces to viscous forces in natural convection flows. 

 

Péclet Number 

 

𝑃𝑒 = 𝑅𝑒 𝑃𝑟                                                             (9) 
 

The Péclet number measures the relative importance 

of advective transport compared with diffusive transport. 

 

Richardson Number 

 

𝑅𝑖 =
𝐺𝑟

𝑅𝑒2
                                                          (10) 

 

The Richardson number quantifies the relative 

influence of buoyancy-driven flow compared with forced 

convection effects. 

 

These dimensionless groups provide generalized 

descriptions of thermal-fluid processes and facilitate the 

comparison of different transport systems operating under 

varying physical conditions. 

 

 Computational Modeling of Thermal-Fluid Systems 

The increasing complexity of engineering 

applications has accelerated the development of 

computational methods for solving transport equations. 

The Finite Difference Method (FDM) approximates 

derivatives using discrete grid points and is frequently 

employed in boundary layer analysis. The Finite Element 

Method (FEM) subdivides the computational domain into 

finite elements and provides excellent flexibility for 

complex geometries and multiphysics problems. The 

Finite Volume Method (FVM) remains the dominant 

computational framework in commercial CFD software 

due to its strong conservation characteristics and 

numerical robustness. 

 

Recent advances in Artificial Intelligence (AI), 

Machine Learning (ML), and Physics-Informed Neural 

Networks (PINNs) have introduced alternative 

computational paradigms capable of accelerating 

simulations and enabling real-time prediction. These 

intelligent frameworks combine physical laws, numerical 

methods, and data-driven learning approaches, thereby 

providing the computational foundation for next-

generation Digital Twin systems. 

 

Figure 2 illustrates the progressive evolution of 

thermal-fluid modeling approaches. Traditional 

investigations relied primarily on experimental 

observations, which were subsequently complemented by 

numerical frameworks such as CFD, FEM, FDM, and 

FVM. Recent advances in machine learning and Physics-

Informed Neural Networks have significantly enhanced 

predictive capabilities, ultimately enabling the 

development of AI-assisted Digital Twin systems capable 

of real-time monitoring, prediction, optimization, and 

intelligent decision support. 
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Fig 2 Evolution of Thermal-Fluid Modeling Toward AI-Assisted Digital Twins. 

 

III. DIGITAL TWIN ARCHITECTURE FOR 

THERMAL-FLUID SYSTEMS 
 

Digital Twin technology has emerged as a 

transformative framework for real-time monitoring, 

prediction, optimization, and control of engineering 

systems. A Digital Twin is generally defined as a dynamic 

virtual representation of a physical system that 

continuously exchanges information with its physical 

counterpart through sensors, communication networks, 

and computational models. Unlike traditional simulations, 

Digital Twins maintain continuous synchronization with 

real-world systems, thereby enabling intelligent decision-

making throughout the operational lifecycle. 

 

The increasing complexity of thermal-fluid systems 

has accelerated the adoption of Digital Twin technologies 

in heat transfer and fluid flow applications. Modern 

engineering systems require rapid prediction, adaptive 

control, fault diagnosis, and operational optimization, all 

of which can be effectively supported through Digital 

Twin frameworks. By integrating physical models, real-

time measurements, numerical simulations, and Artificial 

Intelligence techniques, Digital Twins provide an efficient 

platform for intelligent thermal-fluid management. 

 

Figure 1 presents the general architecture of an AI-

assisted Digital Twin framework for heat transfer and fluid 

flow systems. The framework consists of interconnected 

layers responsible for physical system representation, data 

acquisition, virtual modeling, computational intelligence, 

prediction, and engineering decision support. 

 

 Physical Thermal-Fluid System 

The physical layer represents the actual engineering 

system under investigation. Typical examples include heat 

exchangers, HVAC systems, cooling technologies, 

microfluidic devices, manufacturing equipment, and 

energy conversion systems. Operational parameters such 

as temperature, pressure, velocity, flow rate, and heat flux 

are continuously generated within this layer and serve as 

the primary information source for Digital Twin 

development. 

 

 Sensor and Data Acquisition Layer 
The sensor and data acquisition layer enables 

continuous communication between the physical system 

and its virtual counterpart. Information is collected using 

sensors, Internet of Things (IoT) devices, wireless 

communication networks, and industrial monitoring 

platforms. The reliability of Digital Twin predictions 

strongly depends on the quality, accuracy, and frequency 

of acquired data. 

 

 Digital Twin Core 
The Digital Twin core acts as the virtual replica of 

the physical system. It integrates geometric models, 

operational data, physical laws, and computational 

simulations to reproduce system behavior in real time. 

Continuous synchronization ensures that the virtual 

environment accurately reflects changes occurring within 

the physical system. 

 

 Computational Intelligence Layer 
The computational intelligence layer combines 

conventional numerical methods with advanced Artificial 

Intelligence techniques. Computational Fluid Dynamics 

(CFD), Finite Difference Methods (FDM), Finite Element 

Methods (FEM), Finite Volume Methods (FVM), and 

Physics-Informed Neural Networks (PINNs) provide the 

physical foundation for thermal-fluid simulations. 

Machine learning and deep learning algorithms further 

enhance predictive capabilities by accelerating 

simulations, supporting surrogate modeling, and enabling 

real-time analysis. 

 

 Prediction and Decision-Support Layer 
The final layer transforms computational outputs into 

actionable engineering insights. Major functions include 

performance prediction, anomaly detection, fault 
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diagnosis, process optimization, and intelligent control. 

Through continuous feedback and learning, this layer 

enables adaptive decision-making and supports the 

realization of autonomous thermal-fluid systems. 

 

The integration of these layers establishes a closed-

loop ecosystem in which physical observations 

continuously update the virtual model, while 

computational intelligence provides predictive and 

optimization capabilities. Such Digital Twin frameworks 

represent a significant step toward intelligent thermal-fluid 

systems capable of real-time monitoring, control, and 

operational optimization. 

 

IV. ARTIFICIAL INTELLIGENCE 

TECHNIQUES FOR THERMAL-FLUID 

MODELING 
 

The rapid advancement of Artificial Intelligence (AI) 

has significantly transformed thermal-fluid modeling by 

enabling efficient prediction, optimization, and data-

driven decision-making. Traditional numerical 

simulations often require substantial computational 

resources, particularly for complex multiphysics systems. 

AI techniques provide an attractive alternative by 

accelerating simulations, developing surrogate models, 

identifying hidden patterns, and supporting real-time 

analysis. Consequently, AI has become an important 

component of modern Digital Twin frameworks. 

 

 Machine Learning Techniques 

Machine Learning (ML) algorithms learn 

relationships between input and output variables from 

historical or simulated data. In thermal-fluid applications, 

ML techniques have been employed for heat transfer 

prediction, flow characterization, fault diagnosis, 

performance monitoring, and optimization. 

 

Commonly used algorithms include Linear 

Regression, Support Vector Machines (SVM), Decision 

Trees, Random Forests, and Extreme Gradient Boosting 

(XGBoost). These methods are capable of generating 

accurate predictive models while significantly reducing 

computational requirements compared with full-scale 

numerical simulations. Furthermore, ML-based surrogate 

models can rapidly estimate system behavior under 

varying operating conditions, making them suitable for 

Digital Twin implementation. 

 

 Deep Learning Approaches 
Deep Learning extends conventional machine 

learning by utilizing multi-layer neural network 

architectures capable of extracting complex nonlinear 

relationships from large datasets. Artificial Neural 

Networks (ANNs), Convolutional Neural Networks 

(CNNs), and Recurrent Neural Networks (RNNs) have 

demonstrated considerable success in thermal-fluid 

engineering applications. 
 

Deep learning models can predict temperature fields, 

flow structures, heat transfer coefficients, and system 

performance with high accuracy. Their ability to process 

large volumes of sensor and simulation data makes them 

particularly valuable for real-time monitoring and 

intelligent control of engineering systems. 

 

 Explainable Artificial Intelligence 
Although AI models often provide accurate 

predictions, many algorithms operate as black-box 

systems. Explainable Artificial Intelligence (XAI) 

addresses this limitation by providing interpretable 

insights into model predictions and decision-making 

processes. Techniques such as SHAP (SHapley Additive 

exPlanations), feature importance analysis, and sensitivity 

analysis enable engineers to understand the influence of 

individual variables on system behavior. 

 

For Digital Twin applications, interpretability is 

essential because engineering decisions frequently involve 

safety, reliability, and operational constraints. XAI 

therefore enhances trust, transparency, and practical 

applicability of AI-assisted thermal-fluid systems. 

 

 Physics-Informed Neural Networks 

Physics-Informed Neural Networks (PINNs) 

represent one of the most promising developments in 

scientific machine learning. Unlike conventional neural 

networks that rely exclusively on data, PINNs incorporate 

governing physical laws directly into the learning process 

through conservation equations and boundary conditions. 

 

For heat transfer and fluid flow problems, PINNs can 

solve nonlinear partial differential equations while 

maintaining physical consistency. Recent studies have 

demonstrated their effectiveness in modeling boundary 

layer flows, heat transfer processes, 

magnetohydrodynamic systems, nanofluid transport, and 

multiphysics phenomena. The ability of PINNs to combine 

physical understanding with computational efficiency 

makes them particularly attractive for Digital Twin 

development. 
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Fig 3 Comparison of Computational Frameworks Used in Thermal-Fluid Digital Twin Systems. 

 

The comparison highlights the trade-offs between 

predictive accuracy, computational cost, and real-time 

capability among different computational approaches. 

While traditional CFD techniques provide highly accurate 

solutions, emerging PINN-based approaches offer 

significant advantages for real-time Digital Twin 

implementation. 

 

The integration of machine learning, deep learning, 

explainable AI, and physics-informed intelligence has 

significantly expanded the capabilities of Digital Twin 

systems. These technologies provide the computational 

intelligence required for predictive modeling, adaptive 

control, and autonomous optimization in modern thermal-

fluid applications. 

 

V. COMPUTATIONAL MODELS AND 

NUMERICAL FRAMEWORKS 

 

Computational models form the backbone of modern 

Digital Twin systems by providing virtual representations 

capable of simulating thermal-fluid behavior under 

varying operating conditions. The selection of an 

appropriate computational framework depends on the 

required level of accuracy, computational efficiency, 

physical complexity, and real-time implementation 

requirements. Traditional numerical approaches remain 

indispensable for high-fidelity simulations, while 

emerging physics-informed methods provide promising 

alternatives for intelligent Digital Twin development. 

 

 Computational Fluid Dynamics 
Computational Fluid Dynamics (CFD) has become 

one of the most widely used tools for analyzing fluid flow 

and heat transfer phenomena. By solving the governing 

conservation equations numerically, CFD enables detailed 

investigation of velocity fields, temperature distributions, 

pressure variations, turbulence characteristics, and 

multiphysics interactions. 

 

CFD has been successfully applied to heat 

exchangers, cooling systems, aerospace applications, 

manufacturing processes, microfluidic devices, and energy 

systems. Despite its predictive accuracy, CFD simulations 

often require significant computational resources, which 

may limit their direct application in real-time Digital Twin 

environments. 

 

 Finite Difference Method 
The Finite Difference Method (FDM) approximates 

differential equations using discrete algebraic 

formulations over structured computational grids. Owing 

to its simplicity and computational efficiency, FDM has 

been extensively employed in boundary layer flow, heat 

transfer, and transient transport problems. 

 

The method provides reliable solutions for problems 

with relatively simple geometries and remains a valuable 

computational tool for preliminary analysis and model 

development. 

 

 Finite Element Method 
The Finite Element Method (FEM) divides the 

computational domain into smaller finite elements and 

approximates governing equations using weighted residual 

formulations. FEM offers excellent flexibility for handling 

irregular geometries, coupled physical processes, and 

multiphysics systems. 

 

In thermal-fluid engineering, FEM has been widely 

employed for heat transfer analysis, porous media 

transport, magnetohydrodynamic flow, and two-phase 

fluid systems. Its capability to model complex engineering 

domains makes it particularly suitable for high-fidelity 

Digital Twin simulations. 

 

 Finite Volume Method 

The Finite Volume Method (FVM) is based on the 

conservation of fluxes across control volumes and forms 

the numerical foundation of most commercial CFD 

software packages. The method ensures strong 
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conservation properties while maintaining numerical 

stability and robustness. 

 

FVM is particularly effective for large-scale 

engineering simulations involving convection-dominated 

transport, turbulent flow, and industrial process modeling. 

 

 Physics-Informed Neural Networks 
Physics-Informed Neural Networks (PINNs) 

represent a new generation of computational frameworks 

that integrate governing physical laws directly into neural 

network training. By embedding conservation equations 

and boundary conditions within the learning process, 

PINNs reduce dependence on large datasets while 

preserving physical consistency. 

 

For thermal-fluid systems, PINNs have demonstrated 

significant potential in solving nonlinear transport 

equations, accelerating simulations, and enabling real-time 

prediction. Their ability to combine physical knowledge 

with machine learning capabilities makes them highly 

attractive for Digital Twin applications where 

computational speed and predictive accuracy are 

simultaneously required. 

 

The comparative assessment presented in Figure 3 

highlights the relative strengths and limitations of these 

computational frameworks. While conventional numerical 

methods continue to provide high-fidelity physical 

solutions, emerging PINN-based approaches offer 

promising opportunities for achieving real-time simulation 

and intelligent Digital Twin implementation. 

 

The continuous evolution of computational 

frameworks is expected to play a crucial role in advancing 

Digital Twin technologies for heat transfer and fluid flow 

systems. 

 

Table 1 Comparison of Computational Frameworks for Thermal-Fluid Digital Twins 

Method Strengths Limitations Typical Applications 

CFD High accuracy High computational cost Fluid flow, heat transfer 

FDM Simple implementation Limited geometry flexibility Boundary layer problems 

FEM Complex geometries Moderate computational cost Multiphysics systems 

FVM Strong conservation Grid dependency Industrial CFD 

PINNs Real-time prediction Training complexity Digital Twins, surrogate modeling 

 
Table 1 summarizes the major computational 

frameworks employed in thermal-fluid Digital Twin 

systems, highlighting their strengths, limitations, and 

representative application domains. 

 

VI. APPLICATIONS OF AI-ASSISTED 

DIGITAL TWINS IN THERMAL-FLUID 

SYSTEMS 

 

The integration of Artificial Intelligence and Digital 

Twin technologies has significantly expanded the scope of 

thermal-fluid engineering by enabling real-time 

monitoring, prediction, optimization, and intelligent 

decision-making. AI-assisted Digital Twins are 

increasingly being adopted across various engineering 

domains where accurate thermal and fluid transport 

analysis is essential. 

 

 Heat Exchangers and Thermal Management Systems 
Heat exchangers are among the most important 

thermal-fluid devices used in power generation, 

refrigeration, chemical processing, and manufacturing 

industries. AI-assisted Digital Twins can continuously 

monitor temperature distributions, pressure losses, fouling 

behavior, and heat transfer performance. By combining 

sensor measurements with predictive computational 

models, Digital Twins enable condition monitoring, fault 

diagnosis, and operational optimization while reducing 

maintenance costs and improving energy efficiency. 

 HVAC and Smart Building Systems 

Heating, Ventilation, and Air Conditioning (HVAC) 

systems account for a significant portion of global energy 

consumption. Digital Twin frameworks integrated with AI 

algorithms can predict indoor thermal conditions, optimize 

airflow distribution, and improve energy management 

strategies. Real-time control of HVAC operations 

contributes to enhanced occupant comfort and reduced 

energy consumption. 

 

 Energy Systems 

Modern energy systems involve complex thermal-

fluid interactions occurring within boilers, turbines, 

condensers, solar thermal collectors, fuel cells, and nuclear 

reactors. AI-assisted Digital Twins provide continuous 

assessment of system performance by integrating 

operational data with computational simulations. 

Predictive maintenance and anomaly detection capabilities 

further enhance system reliability and operational safety. 
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Fig 4 Potential Impact of AI-Assisted Digital Twin Technologies Across Major Thermal-Fluid Application Domains. 

 

The application of AI-assisted Digital Twins extends 

across multiple thermal-fluid domains. Figure 4 presents a 

conceptual comparison of the expected impact of Digital 

Twin technologies in representative engineering 

applications. 

 

As illustrated in Figure 4, energy systems, heat 

exchangers, and smart infrastructure exhibit the highest 

potential for Digital Twin implementation owing to their 

operational complexity and continuous monitoring 

requirements. Significant opportunities also exist in 

HVAC systems, manufacturing processes, and 

microfluidic applications. 

 

 Manufacturing and Industrial Processes 
Manufacturing processes frequently involve heat 

transfer and fluid flow phenomena, including casting, 

welding, additive manufacturing, cooling operations, and 

chemical processing. Digital Twin technologies facilitate 

process monitoring, quality control, and parameter 

optimization. Artificial Intelligence further improves 

process efficiency by identifying operational patterns and 

recommending optimal control strategies. 

 

 Microfluidic and Biomedical Systems 
Microfluidic devices play an increasingly important 

role in biomedical diagnostics, drug delivery systems, and 

lab-on-chip technologies. The small spatial scales and 

complex transport mechanisms associated with 

microfluidics make Digital Twin implementation 

particularly valuable. AI-assisted Digital Twins can 

support flow prediction, particle transport analysis, and 

intelligent control of biomedical processes while reducing 

experimental costs and development time. 

 

 Smart Thermal-Fluid Infrastructure 
Emerging smart infrastructure systems, including 

district cooling networks, smart energy grids, and 

intelligent transportation systems, increasingly rely on 

thermal-fluid management. Digital Twin frameworks 

provide continuous monitoring and optimization 

capabilities, while Artificial Intelligence enables adaptive 

control and predictive decision-making. These 

technologies contribute to improved sustainability, energy 

efficiency, and resource utilization. 

 

The broad applicability of AI-assisted Digital Twins 

demonstrates their potential to transform thermal-fluid 

engineering from traditional simulation-based analysis 

toward intelligent, adaptive, and autonomous system 

management. As sensing technologies, computational 

methods, and Artificial Intelligence continue to advance, 

Digital Twin applications are expected to expand 

significantly across industrial and scientific domains. 

 

VII. CHALLENGES AND FUTURE 

RESEARCH DIRECTIONS 

 

Despite the significant progress achieved in Artificial 

Intelligence-assisted Digital Twin technologies, several 

challenges continue to limit their widespread adoption in 

thermal-fluid engineering applications. Addressing these 

limitations is essential for realizing fully autonomous and 

intelligent Digital Twin systems. 

 

 Data Availability and Quality 
The performance of Digital Twin frameworks 

strongly depends on the availability of reliable real-time 

data. Sensor inaccuracies, missing observations, 

communication delays, and measurement uncertainties 

can adversely affect prediction accuracy and system 

reliability. Future research should focus on robust data 

acquisition strategies, sensor fusion techniques, and 

uncertainty-aware learning algorithms. 

 

 Computational Complexity 
High-fidelity numerical simulations, particularly 

CFD-based models, often require substantial 

computational resources and long execution times. Such 

limitations restrict real-time implementation of Digital 
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Twins in complex engineering systems. The development 

of efficient surrogate models, reduced-order techniques, 

and physics-informed machine learning approaches 

remains an important research direction. 

 

 Integration of Physics and Data 
Although data-driven models provide rapid 

predictions, they may fail to satisfy governing physical 

laws under unseen operating conditions. Conversely, 

purely physics-based models may suffer from high 

computational cost. Future Digital Twin systems should 

emphasize hybrid modeling frameworks that effectively 

combine physical knowledge, numerical simulations, and 

machine learning techniques. 

 

 Explainability and Trustworthiness 
The increasing adoption of Artificial Intelligence in 

engineering applications highlights the need for 

interpretable and trustworthy models. Explainable 

Artificial Intelligence (XAI) methods can improve 

transparency by identifying the influence of key variables 

on system behavior. Future Digital Twins should 

incorporate explainability mechanisms to support 

engineering decision-making and enhance user 

confidence. 

 

 Autonomous Digital Twin Systems 
The long-term vision of Digital Twin technology 

extends beyond monitoring and prediction toward 

autonomous operation and self-learning capabilities. 

Emerging technologies such as Physics-Informed Neural 

Networks, reinforcement learning, edge computing, and 

real-time optimization are expected to play critical roles in 

enabling adaptive and autonomous thermal-fluid systems. 

 

The future evolution of thermal-fluid modeling is 

expected to progress from conventional numerical 

simulations toward intelligent, self-learning, and 

autonomous Digital Twin ecosystems. Such systems will 

integrate physical knowledge, real-time sensing, 

computational intelligence, and automated decision-

making to support sustainable and efficient engineering 

operations. 

 

VIII. CONCLUSIONS 
 

Artificial Intelligence-assisted Digital Twin 

technology has emerged as a promising paradigm for 

advancing heat transfer and fluid flow analysis through the 

integration of physical systems, computational models, 

real-time sensing, and intelligent decision-support 

mechanisms. This review examined the fundamental 

principles of thermal-fluid modeling, Digital Twin 

architectures, Artificial Intelligence techniques, and 

computational frameworks commonly employed in 

modern thermal-fluid applications. 

 

The analysis highlighted the growing role of machine 
learning, deep learning, explainable AI, and Physics-

Informed Neural Networks in enhancing predictive 

capability, computational efficiency, and real-time system 

monitoring. Comparative assessment of numerical and AI-

driven approaches demonstrated that hybrid frameworks 

provide significant opportunities for improving Digital 

Twin performance while maintaining physical 

consistency. 

 

Furthermore, the review discussed representative 

applications in heat exchangers, HVAC systems, energy 

systems, manufacturing processes, microfluidics, and 

smart infrastructure. Despite challenges associated with 

data quality, computational complexity, model integration, 

and explainability, rapid advances in intelligent 

computational techniques continue to expand the 

capabilities of Digital Twin technologies. 

 

Future research is expected to focus on autonomous 

and self-learning Digital Twin ecosystems that combine 

real-time sensing, physics-based modeling, and Artificial 

Intelligence for adaptive prediction, optimization, and 

control. Such developments have the potential to transform 

thermal-fluid engineering by enabling more efficient, 

reliable, and sustainable system operation. 
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