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Abstract 

Phase change material (PCM)-based latent heat storage (LHS) systems help address the mismatch 
between renewable energy supply and thermal demand. However, their practical implementation is 
constrained by the strongly nonlinear and multiphysics nature of phase change, which makes high-
fidelity simulations and real-time applications computationally expensive. This review examines 
Reduced-Order Modeling (ROM) as an effective strategy to overcome this limitation by combining 
physics-based simplifications, projection methods, interpolation techniques, and data-driven models 
for PCM-based LHS systems. The review covers approaches such as two-temperature non-
equilibrium and analytical thermal-resistance models, Proper Orthogonal Decomposition (POD), 
CFD-derived look-up tables, kriging and ε-NTU grey/black-box metamodels, and machine-learning 
methods including artificial neural networks and gradient-boosted regressors trained from CFD data. 
These ROM techniques have been applied to packed beds, PCM-integrated heat exchangers, finned 
enclosures, triplex-tube systems, and solar thermal components, achieving speed-ups from tens to 
over 80,000 times faster than full CFD simulations while maintaining prediction errors typically 
below 5% or within sub-Kelvin temperature deviations. A critical comparative analysis exposes the 
fundamental trade-off between interpretability, data dependence, and computational efficiency, 
guiding method selection for specific applications. Remaining challenges include accurate 
representation of phase-change nonlinearity, moving phase boundaries, multi-timescale dynamics, 
generalizability across geometries, and integration into system-level frameworks, motivating future 
hybrid physics–machine learning developments and standardization efforts. 

Keywords: reduced-order modeling; latent heat storage; phase change materials; thermal energy 
storage; proper orthogonal decomposition; machine learning; heat exchanger; data-driven modeling; 
CFD model reduction 
 

1. Introduction 

The global shift toward sustainable energy systems has placed unprecedented demand on 
energy storage technologies as societies confront the twin challenges of climate change and energy 
security. Among the available options, thermal energy storage (TES) has emerged as a key enabling 
technology for improving the use of renewable energy sources, particularly in addressing the 
intermittent nature of solar and wind power [1]. Among various TES approaches, latent heat storage 
(LHS) systems employing phase change materials (PCMs) have garnered significant attention due to 
their ability to store and release substantial amounts of thermal energy within narrow temperature 
ranges. These systems offer compelling advantages over sensible heat storage, including higher 
energy storage density, isothermal operation during phase transitions, and reduced system volume 
requirements [2]. The applications of PCM-based LHS span diverse sectors, from solar thermal power 
generation and building temperature regulation to electronic device cooling and industrial waste 
heat recovery [3]. 
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Despite their promising potential, PCM-based LHS systems face substantial challenges that 
hinder their widespread adoption and optimal design. The most significant limitation stems from the 
inherently low thermal conductivity of most organic and inorganic PCMs, typically ranging from 0.2 
to 0.3 W/m·K, which leads to prolonged charging and discharging times and reduced overall system 
efficiency [2]. This thermal transport bottleneck creates strong physical non-linearities and geometric 
discontinuities during phase transitions, making accurate numerical prediction of system behavior 
exceedingly complex [4]. Traditional approaches to address these challenges include geometric 
enhancements such as fins and extended surfaces [5], encapsulation strategies to prevent material 
leakage while enhancing heat transfer [6], and incorporation of high-conductivity nanoparticles or 
porous structures [7]. However, each enhancement technique introduces additional complexity to the 
modeling and simulation framework, compounding the computational burden required for accurate 
system characterization. 

The mathematical modeling of phase change processes in LHS systems presents formidable 
computational challenges. Two primary approaches exist for formulating phase change problems: 
front-tracking methods that explicitly determine the position of the two-phase interface at each time 
step, and fixed-grid methods such as the enthalpy-porosity approach that treat the phase change as 
a continuum problem without explicit interface tracking [2]. While front-tracking methods work well 
for simple Stefan problems, they prove poorly suited for real-world applications involving complex 
geometries, natural convection, and multiple heat sources [1]. Consequently, researchers 
predominantly employ enthalpy-based finite element method (FEM) or finite volume method (FVM) 
simulations coupled with models such as the Lee model for phase change kinetics [8]. These high-
fidelity full-order models (FOMs) impose severe computational penalties even though they provide 
detailed spatial and temporal resolution of temperature fields, liquid fraction evolution, and flow 
patterns. Simulations of even moderately sized LHS systems can require days or weeks to complete 
on modern workstations [9], making iterative design optimization, parametric studies, and real-time 
control applications effectively intractable. This computational bottleneck becomes particularly acute 
when considering system-level analyses that require thousands of simulations runs to characterize 
performance across varying operating conditions, material properties, and geometric 
configurations [1]. 

The necessity to balance computational accuracy with engineering practicality has driven the 
development of reduced-order modeling (ROM) techniques specifically tailored for PCM-based LHS 
systems. These methodologies aim to capture the essential physics of phase change heat transfer 
while dramatically reducing the number of degrees of freedom and computational time required for 
simulation. Several distinct ROM approaches have emerged in the literature, each with particular 
strengths and limitations. Proper Orthogonal Decomposition (POD), originally proposed by Lumley 
in 1967 for turbulence analysis [8], exemplifies one such approach and has been successfully adapted 
to LHS applications, as detailed in Section 3.1.1. Recent implementations have demonstrated 
computational speedups exceeding 300-fold while maintaining temperature prediction errors below 
0.1% [8]. Alternative approaches include effectiveness-Number of Transfer Units (ε-NTU) methods 
that characterize thermal resistance between heat transfer fluid and phase change boundaries 
through empirical correlations [1], and one-dimensional analytical models based on simplified radial 
conduction assumptions suitable for specific geometric configurations such as cylindrical 
capsules [2]. 

An emerging and particularly promising direction involves CFD-informed reduced-order 
models that leverage detailed computational fluid dynamics simulations to construct look-up tables 
or surrogate functions describing capsule-level behavior, which are then implemented in fast system-
level models. This hierarchical approach enables temporal mean deviations in energy content 
predictions as low as 5% with simulation times reduced from weeks to seconds [9]. Furthermore, the 
integration of machine learning techniques with traditional ROM frameworks has opened new 
avenues for rapid thermal field prediction and design optimization. Hybrid methodologies 
combining POD with artificial neural networks, radial basis functions, or Gaussian process regression 
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have demonstrated the ability to predict PCM heat exchanger performance across wide parameter 
ranges with mean absolute deviations in outlet temperatures below 0.1 K. Black-box and grey-box 
models utilizing kriging, response surface methods, or deep learning architectures provide system 
simulation speedup ratios ranging from 11 to 57 compared to full-order models, while maintaining 
accuracy penalties below 3% for key performance metrics such as compressor energy consumption 
and total charging time [1]. 

Despite these advances, significant controversies and unresolved questions persist within the 
ROM community for LHS applications. A fundamental tension exists between model fidelity and 
computational efficiency, with researchers adopting divergent philosophies regarding acceptable 
trade-offs. Some studies emphasize purely data-driven approaches that prioritize speed and 
flexibility but may lack physical consistency or interpretability, while others advocate for physics-
informed methods that embed governing equations into the reduced-order framework to ensure 
thermodynamic plausibility [10]. The question of how much geometric and physical detail must be 
retained in reduced models remains debatable. For instance, recent investigations have questioned 
whether capsule walls and heat transfer fluid domains must be explicitly included in CFD models 
used to generate ROM training data, with evidence suggesting that properly defined convective 
boundary conditions may suffice for certain applications [9]. Similarly, the optimal approach for 
handling nonlinearities inherent to phase change processes—whether through empirical correlations, 
discrete empirical interpolation, or neural network approximations—continues to generate debate 
[2]. The generalizability of ROM across different operating regimes, geometric configurations, and 
PCM types presents another critical challenge, as models trained on specific datasets may exhibit 
degraded performance when extrapolated beyond their training domains [1]. 

This review aims to provide a comprehensive and critical assessment of the state-of-the-art in 
reduced-order modeling techniques for PCM-based LHS systems. We systematically examine the 
theoretical foundations, implementation methodologies, validation approaches, and performance 
characteristics of major ROM categories including POD-based projection methods, analytical reduced 
models, CFD-informed surrogate models, and machine learning-enhanced frameworks. Particular 
attention is devoted to quantitative comparisons of computational efficiency gains versus accuracy 
penalties, identification of application-specific suitability of different ROM approaches, and 
delineation of current limitations and future research directions. By synthesizing findings from over 
40 relevant studies spanning thermal engineering, computational mathematics, and data science, this 
review establishes that properly constructed reduced-order models can achieve computational 
speedups of 2-3 orders of magnitude while maintaining prediction errors below 10% for most 
practical applications. However, we also highlight that significant work remains to develop robust, 
generalizable ROM frameworks capable of handling the full complexity of real-world LHS systems 
across diverse operating conditions, and to establish standardized validation protocols that enable 
fair comparison across different modeling approaches. This review thereby provides both a 
foundation for researchers entering the field and a roadmap for advancing ROM capabilities to enable 
the next generation of optimized, intelligently controlled PCM-based thermal energy storage 
systems. 

This review aims to provide a comprehensive and critical assessment of the state-of-the-art in 
reduced-order modeling techniques for PCM-based LHS systems. The objectives are threefold: (1) to 
categorize and critically evaluate ROM methodologies applicable to PCM-based LHS systems, (2) to 
synthesize reported performance metrics and speed-up factors through comparative case study 
analysis, and (3) to identify persistent challenges and chart future research directions. The review is 
organized as follows. Section 2 provides background on common LHS configurations and the 
governing physics that motivate ROM development. Section 3 presents a taxonomic classification of 
ROM methods—physics-based, projection-based, and data-driven—with attention to their 
underlying assumptions and suitability for phase-change problems. Section 4 discusses the 
advantages of ROMs in LHS applications alongside configuration-specific challenges including 
nonlinearity, moving boundaries, and multi-timescale dynamics. Section 5 examines representative 
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case studies drawn from the literature, comparing methodologies, accuracy, and computational 
speed-up. Section 6 synthesizes remaining challenges and proposes future research directions, 
emphasizing hybrid physics-machine learning approaches and the need for standardized validation. 
Conclusions are presented in Section 7. 

2. Overview of PCM-Based Latent Heat Storage (LHS) Systems 

Latent heat storage (LHS) systems have emerged as a key technology for enhancing thermal 
energy management in various industrial and renewable energy applications. These systems exploit 
the high energy density associated with phase change processes, enabling efficient storage and 
release of thermal energy within relatively compact volumes. Among the different approaches, 
configurations based on PCMs are particularly attractive due to their ability to maintain nearly 
constant temperature during melting and solidification. The design and arrangement of PCM-based 
systems significantly influence heat transfer performance, system efficiency, and scalability. 

2.1. Common PCM-Based Latent Heat Storage Configurations 

2.1.1. Shell-and-Tube Systems 

The standard shell-and-tube design for LHS systems consists of PCM occupying the shell side, 
while heat transfer fluid (HTF) flows through internal tubes. This configuration offers a practical 
balance between simplicity and scalability. However, its performance is limited by the inherently low 
thermal conductivity of PCM [11,12]. To address this limitation, multiple PCMs with different 
melting temperatures can be staged within the system, improving heat transfer uniformity. Studies 
have shown that using three cascaded PCM units enhances latent heat utilization and system 
effectiveness by approximately 15–20% compared to single-PCM systems [11]. Another widely 
adopted enhancement involves the integration of finned tubes, which increases the effective heat 
transfer surface area and accelerates the phase change process. Experimental results indicate that 
finned designs can reduce solidification time by 30–40%, significantly improving overall thermal 
performance [13]. 

 

Figure 1. Shell-and-tube thermal energy storage [12]. 

2.1.2. Triplex-Tube (Triple-Tube) Systems 

Triplex-tube heat exchangers (TTHE) represent an advanced configuration for thermal energy 
storage systems. These designs employ concentric tubes, where the inner and outer tubes circulate 
heat transfer fluid (HTF), while the intermediate tube contains the PCM. This arrangement enables 
simultaneous heat storage and release along with direct hot water supply [14]. To enhance thermal 
performance, geometric optimization of the inner tube has been explored. Non-circular shapes such 
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as square or pentagonal profiles showed significant improvement in heat transfer. For instance, 
square tubes have been shown to reduce solidification time by approximately 25% compared to 
conventional circular designs, primarily due to their increased surface area [15]. Furthermore, the 
incorporation of cascaded PCMs maintains a favorable thermal gradient throughout the system. This 
approach has demonstrated improvements in exergy efficiency ranging from 12% to 18% using 
materials such as RT35, RT50, and RT60 [16,17]. 

(a) (b) 

Figure 2. Triplex-tube LHS systems. (a) Triplex-tube LHS with PCM in the intermediate tube [15]; (b) Triplex-
tube LHS with multiple concentric PCMs [16]. 

 

Figure 3. Double-tube LHS configuration [18]. 

2.1.3. Double-Tube (Concentric Pipe) Systems 

Double-tube configurations employ two concentric pipes with PCM typically surrounding an 
inner tube through which HTF flows. While more traditional than triplex-tube designs, these systems 
remain common for applications like domestic water heating and solar thermal systems [18]. 

2.1.4. Plate Heat Exchanger (PHE) Systems 

Plate-based configurations represent an alternative geometry where PCM is enclosed between 
parallel metal plates, with HTF flowing through channels. These systems offer a massive heat transfer 
surface within a compact design [19]. Variants include: 
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• Corrugated plate designs: Using herringbone profiles for enhanced contact [20] 
• Roll-bonded plate systems: PCM is stored in a vessel and HTF flows through roll-bonded plates 

[19] 
• Flat-plate configurations: Simplified geometries with parallel HTF channels separated by PCM 

volumes [21] 

(a) (b) (c) 

Figure 4. Different PHE systems. (a) Corrugated PHE-LHS system [20]; (b) Roll-bonded PHE-LHS systems [19]; 
(c) Flat-plate PHE-LHS system [21]. 

2.1.5. Packed-Bed Systems 

These configurations store PCM in encapsulated forms randomly packed within a tank, with 
HTF flowing through the bed. The advantage is increased heat transfer area through capsule 
encapsulation [22]. Modern variants include systems with ordered arrangements to control HTF flow 
distribution and improve performance uniformity [22]. 

 

Figure 5. Encapsulated PCM in flexible pouches stacked in a LHS tank [22]. 

The diversity of configurations illustrated above—shell-and-tube, triplex-tube, plate, and 
encapsulated systems—shares a common underlying physics: transient heat transfer with solid-
liquid phase change. Understanding this physics is essential for appreciating why reduced-order 
modeling is both necessary and challenging. The following subsection presents the governing 
equations that describe these systems and the numerical methods used to solve them at full order, 
providing the foundation for the ROM techniques surveyed in Section 3. 
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2.2. Physical and Numerical Modeling of PCM-Based LHS System 

Reduced-order modeling of LHS systems is fundamentally grounded in the mathematical and 
numerical description of phase-change heat transfer. Most ROMs reported in the literature are 
derived from, trained on, or validated against high-fidelity numerical simulations that resolve 
transient melting and solidification processes of PCMs. A brief discussion of the governing equations 
and numerical solution strategies commonly employed in PCM-based LHS modeling are presented 
in the next subsections to contextualize the structure, complexity, and limitations of existing ROM 
approaches. 

2.2.1. Governing Equations for Phase-Change Heat Transfer 

The thermal behavior of PCM-based LHS systems is primarily governed by the conservation of 
energy, with phase change introducing strong nonlinearities through latent heat effects. For most 
engineering applications, the energy equation is expressed in an enthalpy-based form, which allows 
both sensible and latent heat contributions to be treated within a unified framework [23,24]. 

In the absence of volumetric heat generation, the transient energy equation for a PCM domain 
can be written as 𝜌 ∂ℎ∂𝑡 + 𝜌𝐮 ⋅ ∇ℎ = ∇ ⋅ ሺ𝑘∇𝑇ሻ, (1)

where 𝜌  is the density, ℎ  is the specific enthalpy, 𝐮  is the velocity vector, 𝑘  is the thermal 
conductivity, and 𝑇 is the temperature. In purely conductive PCM systems, the convective term 
vanishes (𝐮 = 0), while in convection-enhanced systems the energy equation is coupled with the 
momentum equations. 

The enthalpy-temperature relationship accounts for latent heat storage through the introduction 
of a liquid phase fraction 𝑓௟, commonly expressed as ℎ = 𝑐௣𝑇 + 𝑓௟𝐿, (2)

where 𝑐௣ is the specific heat capacity and 𝐿 is the latent heat of fusion. The liquid fraction varies 
between zero and unity and is typically defined as a function of temperature over a finite melting 
interval to ensure numerical stability [25]. 

The nonlinear coupling between temperature and phase fraction introduces a moving solid-
liquid interface, which is the defining feature of PCM-based LHS systems. This nonlinearity 
significantly increases the dimensionality and stiffness of the resulting discretized system and poses 
a major challenge for reduced-order modeling. 

In configurations where natural or forced convection within the molten PCM is important, the 
energy equation is coupled with the incompressible Navier–Stokes equations through buoyancy-
driven flow, often modeled using the Boussinesq approximation [26]. However, many ROM studies 
focus on conduction-dominated configurations or treat convective effects in a simplified manner to 
reduce computational complexity. 

2.2.2. Numerical Methods for High-Fidelity PCM Simulations 

Several numerical methods have been developed to solve the governing equations of phase-
change heat transfer. Among these, the enthalpy–porosity method is the most widely used approach 
for simulating melting and solidification in PCM-based LHS systems [25,27]. In this method, PCM is 
treated as a porous medium in the mushy zone, with the liquid fraction acting as a porosity parameter 
that controls momentum damping in the partially molten region. This approach eliminates the need 
for explicit interface tracking and is therefore well suited for complex geometries. 

An alternative formulation is the effective heat capacity method, in which the latent heat is 
incorporated into an augmented heat capacity over the phase-change temperature range [28]. While 
computationally attractive, this method may suffer from numerical diffusion and reduced accuracy 
when sharp phase fronts are present. 
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High-fidelity PCM simulations are commonly discretized using the finite volume or finite 
element methods, combined with implicit time integration schemes to ensure numerical stability 
during rapid phase transitions [29]. Accurate resolution of steep temperature gradients near the 
phase interface typically requires fine spatial discretization, leading to large-scale systems of 
algebraic equations. As a result, transient simulations of charging and discharging cycles are 
computationally expensive, especially when multiple operating conditions or geometric parameters 
are considered. 

From a reduced-order modeling standpoint, these numerical formulations give rise to FOMs 
characterized by: 
• high state dimensionality, 
• strong nonlinearities due to phase change, 
• long transient simulation horizons, and 
• sensitivity to operating and geometric parameters. 
These features directly influence the design and performance of ROM techniques applied to PCM-
based LHS systems. 

2.2.3. Implications for Model Order Reduction 

The governing equations and numerical formulations described above present several 
challenges for reduced-order modeling. First, the nonlinear enthalpy–temperature relationship and 
the presence of a moving phase boundary violate the linearity assumptions underlying classical 
projection-based ROMs, such as Proper Orthogonal Decomposition (POD)–Galerkin methods [30]. 
Consequently, a large number of modes may be required to accurately represent the system 
dynamics, particularly during rapid melting or solidification stages. Second, the strong dependence 
of PCM behavior on geometry, boundary conditions, and operating parameters limits the 
generalizability of ROMs trained for a specific configuration. This issue is particularly pronounced 
in finned or convection-enhanced LHS systems, where spatial complexity increases the effective 
dimensionality of the solution manifold. Finally, the multi-timescale and highly transient nature of 
PCM charging and discharging processes imposes stringent requirements on ROM stability and long-
term accuracy. For applications such as real-time control, optimization, and digital twins, ROMs must 
remain robust across extended simulation horizons and varying operating conditions. 

These features—high state dimensionality, strong nonlinearities, long transient horizons, and 
parameter sensitivity—directly influence ROM design. For example, the nonlinear enthalpy-
temperature relationship violates the linearity assumptions underlying classical POD-Galerkin 
methods (Section 3.1.1), motivating nonlinear techniques such as Discrete Empirical Interpolation 
Method (DEIM) (Section 3.2.1). Similarly, the dependence on geometry and boundary conditions 
limits the generalizability of data-driven surrogates (Section 3.3) trained for specific configurations. 
The multi-timescale behavior discussed in Section 4.2.3 imposes stringent requirements on ROM 
stability over extended simulation horizons, favoring methods that preserve long-term energy 
conservation. 

3. Common Reduced-Order Modeling Methods 

Reduced-order models (ROMs) are essential tools for simplifying complex, high-dimensional 
dynamical systems while preserving their essential characteristics, which is crucial for computational 
efficiency and analysis across various scientific and engineering disciplines [31–33]. The development 
of ROMs aims to bridge the gap between high-fidelity simulations, which can be computationally 
expensive and time-consuming, and the need for rapid analysis, optimization, and real-time 
control [33,34]. This is particularly relevant in fields like computational fluid dynamics (CFD), 
structural mechanics, and control systems [35,36]. The methodologies can be broadly categorized into 
projection-based linear ROMs. The following subsections detail each approach, with attention to their 
mathematical foundations, offline/online workflows, and inherent strengths and weaknesses. 
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3.1. Projection-Based Linear ROMs 

Projection-based ROMs leverage linear subspaces to approximate system dynamics, relying on 
techniques like Proper Orthogonal Decomposition (POD) or a predefined basis. 

3.1.1. Proper Orthogonal Decomposition (POD)-Galerkin 

One of the most widely recognized and frequently applied techniques for model order 
reduction is Proper Orthogonal Decomposition (POD)-Galerkin [37–44]. The POD-Galerkin method 
constructs a reduced basis by identifying dominant spatial modes from a set of high-fidelity 
simulation snapshots [45,46]. These modes, ordered by their energy content, form an orthonormal 
basis that captures most of the system's variance with a significantly smaller number of vectors than 
the original full-order model (FOM) [45]. The system's governing equations (e.g., Navier-Stokes 
equations) are then projected onto this low-dimensional subspace using a Galerkin projection, 
leading to a reduced system of ordinary differential equations [46]. This projection preserves the 
physical structure of the original equations to some extent [47]. 

The mathematical basis of POD-Galerkin ROMs typically involves a structured workflow 
comprising offline and online phases [48,49]. In the offline phase, a set of snapshots (solutions from 
the FOM at different time instances or parameter values) is generated. POD is then applied to these 
snapshots to extract the dominant modes, which constitute the reduced basis. The FOM equations 
are projected onto this basis to derive the reduced-order system. In the online phase, the precomputed 
reduced-order system is solved rapidly for new parameters or time steps, yielding low-dimensional 
coefficients that are then mapped back to the high-dimensional physical space using the established 
POD modes [45,46]. 

POD-Galerkin ROMs are computationally efficient once the offline phase is complete, making 
them suitable for real-time applications and rapid parameter exploration [50]. They offer a physically 
consistent reduction, as the Galerkin projection maintains some connection to the underlying 
physics[47]. The method is particularly effective for systems with coherent structures or dominant 
modes [51]. Their performance can degrade significantly for highly nonlinear systems or systems 
with propagating fronts and shocks, as linear subspaces struggle to capture these features effectively 
[52]. The offline phase can be computationally expensive due to the need for FOM simulations and 
singular value decomposition (SVD) for POD basis generation [45]. Closure modeling is often 
required for nonlinear terms to account for the truncated modes' influence, which can be complex 
[45,53]. 

3.1.2. Reduced Basis (RB) 

The Reduced Basis method aims to construct a low-dimensional subspace that spans the solution 
manifold of a parametric partial differential equation (PDE) [54]. Unlike POD, which is purely data-
driven, RB methods typically involve a greedy sampling approach to select basis vectors from a 
collection of solutions (snapshots) that are generated for different parameter instances [54,55]. The 
criterion for selecting snapshots often involves an a posteriori error estimator, ensuring that the 
chosen basis effectively approximates the solution across the entire parameter space. The FOM is then 
projected onto this basis [54]. 

The workflow of RB consists of offline and online phase. The offline stage involves a parameter 
space exploration. A series of FOM solutions are computed for various parameter values. A greedy 
algorithm iteratively selects parameter instances whose corresponding FOM solutions maximally 
enrich the reduced basis, typically guided by an error estimator. This process generates a compact, 
parameter-dependent reduced basis. In the online stage, for new parameter values, the precomputed 
reduced operators are used to solve the reduced-order system, providing a fast and accurate 
approximation of the FOM solution [54,55]. 
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RB methods provide rigorous error bounds, which are crucial for certified real-time simulations 
and design optimization. They are well-suited for parametric PDEs, offering rapid evaluation for new 
parameter queries [54]. The greedy approach ensures an efficient and optimal basis selection [55]. 

Developing reliable and efficient error estimators can be challenging for complex problems, 
especially those with non-affine parameter dependencies [54]. The offline training can still be very 
time-consuming, particularly for high-dimensional parameter spaces [55]. Nonlinear problems often 
require hyper-reduction techniques to alleviate computational bottlenecks [47]. 

3.1.3. Proper Generalized Decomposition (PGD) 

Proper Generalized Decomposition (PGD) is a model reduction technique that approximates 
high-dimensional solutions as a finite sum of separable functions, where each function is a product 
of univariate functions, typically one for each independent variable (e.g., spatial coordinates, time, 
and parameters) [56–58]. This separated representation drastically reduces the dimensionality of the 
problem by transforming a single high-dimensional problem into a series of coupled one-
dimensional problems [59]. 

 The offline phase of this method involves an iterative construction of the separable functions 
[56,57]. Starting with an initial guess, a fixed-point iteration or greedy algorithm computes one pair 
of functions (e.g., a spatial function and a parameter function) at a time, until a desired accuracy is 
reached [56]. This process is inherently "online" in the sense that once the separated representation is 
built, the solution for any combination of parameters or time can be evaluated directly without 
solving new systems [58]. 

PGD intrinsically handles high-dimensional parametric and multi-physical problems, often 
referred to as "curse of dimensionality" issues, by avoiding full tensor product spaces [56,58]. It 
produces a parameterized solution in a single offline computation, which can then be evaluated very 
rapidly for any parameter in the online phase [58]. PGD can also be applied to eigenvalue problems 
[59]. 

3.2. Nonlinear and Hyper-Reduced ROMs 

The projection-based linear ROMs discussed in Section 3.1, while powerful, face fundamental 
limitations when applied to the strongly nonlinear governing equations such as that of PCM phase 
change (see Section 2.2). Their computational efficiency is eroded because evaluating nonlinear terms 
(e.g., in the enthalpy-temperature relationship) still requires operations scaling with the high-
dimensional FOM. To overcome this, hyper-reduction techniques such as the Discrete Empirical 
Interpolation Method (DEIM) and Gauss-Newton with Approximated Tensors (GNAT) have been 
developed. These methods approximate nonlinear terms by evaluating them only at a strategically 
selected subset of points, thereby preserving the speed advantage of the ROM. 

3.2.1. Discrete Empirical Interpolation Method (DEIM) 

Discrete Empirical Interpolation Method (DEIM) is a hyper-reduction technique used to 
efficiently approximate nonlinear terms in projection-based ROMs, typically in conjunction with 
POD-Galerkin or RB methods [52,60]. The core idea is to approximate a high-dimensional nonlinear 
function using a small subset of its components (or "magic points") and a corresponding empirical 
basis [61]. This avoids evaluating the nonlinear term over the entire high-dimensional domain, 
significantly reducing computational cost [60]. 

In the offline stage of this method, snapshots of the nonlinear term are collected, and an 
empirical basis for this term is constructed. DEIM then identifies a subset of "magic points" (spatial 
locations) where the nonlinear term needs to be evaluated. An interpolation matrix is also 
constructed. In the online stage, only the values of the nonlinear term at these magic points are 
computed, and the full nonlinear term is approximated using the precomputed empirical basis and 
interpolation matrix [60,62]. 
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DEIM effectively alleviates the computational burden associated with nonlinear terms in ROMs, 
making projection-based ROMs feasible for many nonlinear problems [60,63]. It provides a 
systematic way to select sparse sensor locations [64].  

The accuracy of DEIM depends heavily on the choice of magic points and the quality of the 
empirical basis, which can be sensitive to the problem's characteristics [60,61]. The offline phase to 
construct the DEIM basis and select magic points can still be costly [64] 

 

Figure 6. Development of a GNAT-embedded hybrid snapshot approach and formulation of ROM-GNAT for 
online simulation [65]. 

3.2.2. Gauss-Newton with Approximated Tensors (GNAT) 

Gauss-Newton with Approximated Tensors (GNAT) is another hyper-reduction technique 
specifically designed to accelerate the solution of nonlinear reduced-order systems. It leverages the 
Gauss-Newton method for solving the nonlinear system, but crucially, it approximates the Jacobian 
and residual tensors by interpolating them at a reduced set of "collocation points" rather than 
computing them over the entire domain [65]. This approach is often combined with POD for basis 
generation [63]. 

The offline phase involves generating snapshots and constructing a POD basis for the solution. 
Additionally, snapshots of the nonlinear residual and its Jacobian are used to form reduced bases for 
these quantities. GNAT then identifies a set of optimal collocation points, similar to DEIM, where the 
nonlinear residual and Jacobian components are evaluated [63,65]. In the online phase, the nonlinear 
reduced-order system is solved using an iterative Gauss-Newton scheme, where the residual and 
Jacobian are approximated by evaluating them only at the pre-selected collocation points, leading to 
significant speed-ups. Figure 6 illustrates a hybrid snapshot simulation which can embed GNAT for 
enhanced generation speed [65]. 

GNAT is highly effective in accelerating nonlinear ROMs, offering significant computational 
savings compared to full-order Gauss-Newton iterations [63,65]. It maintains good accuracy by 
directly approximating the terms relevant to the nonlinear solver. GNAT can be embedded into 
hybrid snapshot simulations to improve efficiency and representation [65]. Like DEIM, the selection 
of optimal collocation points can be challenging and problem-dependent [65]. The method's 
effectiveness relies on the smoothness of the nonlinear term and its Jacobian. The offline cost for 
constructing the GNAT basis and points can be substantial [63]. 
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3.2.3. Adaptive Basis Methods 

Adaptive basis methods aim to dynamically update or refine the reduced basis during the 
simulation or parameter exploration to better capture changing solution features, such as moving 
discontinuities, shocks, or localized phenomena [66,67]. This contrasts with static basis methods like 
standard POD-Galerkin, where the basis is fixed after the offline stage [67]. Techniques can include 
incremental POD (iPOD) or local bases defined over subdomains or specific parameter ranges [68]. 

The workflow often involves an iterative process where the solution is computed, an error 
indicator is evaluated, and if the error exceeds a threshold, the basis is enriched or adapted [68]. This 
might mean adding new modes, refining existing ones, or constructing entirely new local bases. For 
instance, some methods construct adaptive reduced bases using neural networks in the offline stage. 
The online phase then utilizes this adaptive basis, potentially switching between different local bases 
or updating the global basis as needed [66]. 

Adaptive basis methods are particularly effective for problems with complex, evolving 
dynamics or localized features that are difficult to capture with a single, static global basis [67]. They 
can significantly improve accuracy for systems where the solution manifold changes drastically [66]. 
The overhead associated with adaptivity, such as error estimation and basis enrichment, can increase 
computational cost, sometimes diminishing the benefits of reduction [68]. Designing robust and 
efficient adaptation strategies and error indicators is a complex task. Managing multiple local bases 
or dynamically updating a global basis adds complexity to the ROM formulation [66]. 

3.3. Data-Driven and Machine Learning ROMs 

The ROM methodologies discussed in Sections 3.1 and 3.2 are fundamentally physics-intrusive. 
They require explicit access to and manipulation of the governing equations to construct the ROM 
through projection or specialized nonlinear approximations. While powerful, this intrusion can be a 
barrier when high-fidelity simulations are proprietary, overly complex, or when the underlying 
physics are not fully organized in a tractable PDE form. This limitation has spurred the development 
of a parallel paradigm: data-driven and machine learning (ML) ROMs. These approaches operate in 
a non-intrusive manner, treating the high-fidelity model (or experimental system) as a "black box" 
that generates input-output data. Instead of projecting equations, they employ statistical learning and 
pattern recognition to construct a direct mapping from system parameters and inputs to the 
quantities of interest (e.g., temperature fields, phase front location, global heat rate). 

3.3.1. Dynamic Mode Decomposition (DMD) 

Dynamic Mode Decomposition (DMD) is a data-driven technique that extracts dynamically 
coherent structures (modes) from time-series data of a dynamical system [69,70]. It approximates the 
Koopman operator, a linear operator that governs the evolution of observables in a linear fashion, 
even for nonlinear systems [69,71]. DMD decomposes a sequence of snapshots into a set of modes, 
each associated with a fixed oscillation frequency and decay/growth rate. This allows for a low-rank, 
linear representation of potentially nonlinear dynamics [71]. 

In the offline phase, a sequence of snapshots from the FOM (or experimental data) is collected. 
DMD then constructs a low-rank linear surrogate model by identifying the dynamic modes and their 
corresponding eigenvalues that best describe the temporal evolution of the system [69,71]. In the 
online phase, this linear model is used to predict the future state of the system efficiently, often for 
various parameter settings, either by propagating the modes or by constructing a reduced-order basis 
for interpolation [72,73]. Online DMD methods can update the approximation as new data becomes 
available, making them suitable for streaming datasets [73,74]. 

DMD is entirely data-driven and "equation-free," requiring no explicit knowledge of the 
governing equations [71,74]. It provides a linear, interpretable model of complex system dynamics, 
even for nonlinear systems. Online DMD variants are suitable for real-time applications and 
streaming data, allowing for dynamic updates to the ROM [73,74]. DMD's performance can be 
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sensitive to noise in the data and the choice of measurement functions [71]. It often struggles with 
systems exhibiting strong transient behaviors or highly complex, non-periodic dynamics [75]. The 
interpretability can diminish for highly complex systems where a large number of modes might be 
required [69]. When combined with POD and Polynomial Chaos Expansion (PCE), it can construct 
non-intrusive ROMs for time-dependent stochastic PDEs [76]. 

 

Figure 7. A neural network-based algorithm workflow [66]. 

3.3.2. Neural Network ROMs 

Neural Networks (NNs) offer a powerful way to learn complex, nonlinear mappings between 
high-dimensional inputs and low-dimensional outputs, or to directly approximate the dynamics of a 
reduced system [66,70,77]. They can act as surrogate models, learning the input-output relationships 
of a system, or as components within projection-based ROMs, providing closures or approximating 
specific nonlinear terms [53]. For instance, a neural network can construct adaptive reduced bases for 
transport problems [66]. Another application is in physics-informed neural networks (PINNs) where 
NNs are used within POD-Galerkin ROMs for solving inverse problems [46]. Transformer neural 
networks can also be used to extract temporal feature relationships from low-dimensional features 
derived from POD [78]. 

In the offline phase, a vast amount of high-fidelity data (input parameters, system states, time 
evolution) is used to train the neural network [66,77]. The NN learns the underlying relationships 
and builds a compact representation or a predictive model. This training process can be 
computationally intensive and requires careful hyperparameter tuning [66]. In the online phase, the 
trained NN quickly predicts system responses for new inputs, offering significant speed-ups 
compared to FOM simulations [77]. The architecture shown in Figure 7 depicts an overall structure 
for a neural network-based ROM [66]. 

NNs are highly flexible and can approximate complex nonlinear relationships effectively, 
surpassing the limitations of linear ROMs for many challenging problems [70,77]. They are non-
intrusive, meaning they do not require direct modification of the FOM code [50,78]. NNs can be used 
to construct adaptive bases [66] and learn closure terms for projection-based ROMs, improving their 
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stability and accuracy [53]. Training NNs requires large datasets, which can necessitate extensive 
FOM simulations in the offline phase [53,77]. They are often considered "black-box" models, lacking 
the interpretability of physics-based ROMs [70]. Generalization to unseen parameter regimes or 
extreme conditions can be a challenge, and ensuring physical consistency is an active research area 
[47]. 

3.3.3. Autoencoders 

Autoencoders are a type of neural network specifically designed for dimensionality reduction 
[70,79]. They consist of an encoder that maps high-dimensional input data to a low-dimensional 
latent space (the "bottleneck" layer) and a decoder that reconstructs the original data from this latent 
representation [80]. By minimizing the reconstruction error, the autoencoder learns an optimal 
nonlinear manifold embedding, effectively creating a nonlinear reduced basis [70]. 

In the offline phase, a dataset of FOM snapshots is fed into the autoencoder [80]. The network is 
trained to compress the data into a low-dimensional latent space and then decompress it back to the 
original high-dimensional space with minimal loss. This training process captures the essential 
features of the system's states in the latent variables [79]. In the online phase, new high-dimensional 
inputs are passed through the trained encoder to quickly obtain their low-dimensional representation 
in the latent space. Subsequent simulations or analyses can be performed in this reduced space, and 
the decoder can reconstruct the full-order solution when needed. VpROM, for example, is a 
variational autoencoder-boosted ROM that defines a generalizable mapping for parametric 
dependencies in nonlinear systems [80]. Compressed neural networks using pruning and singular 
value decomposition can further reduce the storage requirements of autoencoders [81]. 

Autoencoders are powerful for nonlinear dimensionality reduction, capable of discovering 
optimal nonlinear embeddings for complex data [70,80]. They can capture intricate features that 
linear methods like POD might miss. The latent space provides a compact and efficient representation 
of the system state [79]. Similar to other NNs, autoencoders require extensive training data and can 
be computationally expensive to train [80]. Their black-box nature can hinder physical 
interpretability and guarantee of physical consistency. The choice of autoencoder architecture and 
hyperparameters significantly impacts performance [79]. Compared to POD and DMD, autoencoders 
can have larger storage requirements, though compression techniques exist to mitigate this [81]. 

3.3.4. Gaussian Process ROMs 

Gaussian Process (GP) models are non-parametric, Bayesian approaches to regression and 
function approximation. When applied to ROMs, GPs can model the relationship between system 
parameters and reduced-order coefficients or directly approximate the system's response in the 
reduced space. They provide not only predictions but also a measure of uncertainty (variance) 
associated with those predictions, which is a key advantage [70]. 

In the offline phase, a sparse set of FOM solutions (snapshots) for various parameter values is 
used to train the GP model. The GP learns the mapping from parameters to the reduced solution 
space, typically involving the definition of a covariance function (kernel) that encodes assumptions 
about the smoothness and correlation of the function being approximated. In the online phase, for 
new parameter inputs, the trained GP can rapidly predict the corresponding reduced-order solution, 
along with an associated uncertainty quantification, without requiring additional FOM evaluations 
[70]. 

GPs provide inherent uncertainty quantification, which is crucial for applications like robust 
design and risk assessment. They are highly flexible and can model complex, nonlinear relationships 
with relatively small datasets compared to deep neural networks [70]. GPs can be particularly 
effective for exploring parameter spaces where FOM evaluations are costly. The computational cost 
of GP inference scales cubically with the number of training data points, limiting their applicability 
to very large datasets. Choosing an appropriate kernel function is critical for performance and can be 
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problem-dependent. They can sometimes struggle with very high-dimensional parameter spaces or 
problems with sharp discontinuities in the solution manifold [70]. 

3.4. Comparative Summary of Common ROM Methodologies 

The spectrum of ROM techniques detailed in Sections 3.1 to 3.3 represents a continuum from 
rigorous, physics-intrusive projection methods to flexible, equation-free data-driven surrogates. Each 
category offers a distinct balance between fidelity to first principles, computational efficiency, and 
implementation complexity, making them differentially suited to specific stages of the LHS system 
lifecycle—from initial design exploration to real-time control and digital twinning. 

Table 1. Summary of common ROM methodologies. 

Characteristic 
Projection-Based 

Linear ROMs 
Nonlinear & Hyper-

Reduced ROMs 
Data-Driven & ML 

ROMs 

Core Philosophy 

Project governing 
equations onto a low-

dimensional linear 
subspace. 

Extend projection 
methods to handle 

nonlinearity via term 
approximation or basis 

adaptation. 

Learn system behavior 
directly from data, 
bypassing explicit 

equation reduction. 

Intrusiveness 

Intrusive: Requires full 
access to and 

manipulation of FOM 
equations. 

Intrusive: Requires access 
to FOM equations and 

nonlinear terms. 

Non-Intrusive: Treats 
FOM as a black-box 

data generator. 

Handling of PCM 
Nonlinearity 

Poor. Linear subspaces 
struggle with moving 

boundaries and 
enthalpy jumps. Often 
requires many modes. 

Good to 
Excellent. DEIM/GNAT 
approximate nonlinear 
terms; adaptive bases 

track evolving dynamics. 

Excellent. ML models 
(NNs, GPs) are 

inherently flexible 
nonlinear function 

approximators. 

Offline Cost & 
Complexity 

High. Requires FOM 
snapshot generation 

and matrix 
decompositions (e.g., 

SVD). 

Very High. Adds complex 
steps: nonlinear term 
snapshot generation, 

magic point selection, or 
basis adaptation logic. 

Highest. Demands 
extensive FOM runs for 

training data and 
computationally 
intensive model 
training/tuning. 

Online (Runtime) 
Performance 

Very Fast. Solving a 
small ODE system. 

Fast. Solving a small ODE 
system with pre-
computed sparse 

evaluations. 

Extremely 
Fast. Typically a simple 
forward pass through a 

trained model (e.g., 
NN). 

Interpretability & 
Physical 

Consistency 

High. Structure mirrors 
original physics; 

Galerkin projection 
ensures certain 
conservation 
properties. 

Moderate to 
High. Physics-based core 

remains, but 
approximations reduce 

strict consistency. 

Low ("Black-
Box"). Internal logic is 
opaque; predictions 
may violate physical 

laws without 
constraints (e.g., 

PINNs). 

Generalizability & 
Extrapolation 

Moderate. Limited to 
parameter/state space 

Moderate. Similar to 
linear ROMs, but adaptive 

Poor. Performance 
degrades rapidly 
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sampled for basis 
generation. 

methods can improve 
within bounds. 

outside the convex hull 
of the training data. 

Best-Suited 
Applications 

Linear subsystems, 
sensitivity analysis, 

problems with strong 
coherent structures. 

High-fidelity control, 
digital twins where 

nonlinear physics must be 
retained with some 

efficiency. 

Rapid design 
optimization, system-

level simulation, 
complex geometries 

where intrusive 
reduction is infeasible. 

Key Enabling 
Technology for 

PCM-based LHS 

POD-Galerkin for 
conduction-dominated 

regimes; RB for 
parametric studies. 

DEIM/GNAT for 
enthalpy-porosity models; 

adaptive bases for 
tracking phase fronts. 

ANN/XGBoost 
surrogates for complex 

finned/triplex-tube 
systems; autoencoders 

for nonlinear field 
compression. 

Projection-Based Linear ROMs are the most interpretable and mathematically founded. They 
excel in systems where the dynamics are dominated by coherent structures that can be captured in a 
low-rank linear subspace. Their key strength lies in preserving a direct, albeit reduced, connection to 
the original governing equations, which aids in understanding and trust. However, their 
fundamental assumption of linearity is their primary weakness when applied to the strongly 
nonlinear, moving-boundary problems inherent in PCM phase change. While they can achieve 
significant speed-ups for linear or weakly nonlinear components, they often become inefficient or 
inaccurate for full charging/discharging cycles without augmentation. 

Nonlinear and Hyper-Reduced ROMs evolved directly to address the core limitation of 
projection-based linear ROMs methods: handling system nonlinearity while maintaining an 
intrusive, physics-based structure. Techniques like DEIM and GNAT preserve the projection 
framework but introduce sophisticated approximations (e.g., sparse sampling of nonlinear terms) to 
recover computational efficiency. Adaptive basis methods further enhance flexibility by allowing the 
reduced subspace to evolve with the solution. These methods represent a powerful compromise, 
offering improved nonlinear capability while retaining more interpretability than purely data-driven 
models. Their trade-off is increased algorithmic and implementation complexity in the offline stage. 

Data-Driven and Machine Learning ROMs represent a paradigm shift. They forgo the explicit 
projection of equations in favor of learning input-output relationships or low-dimensional 
embeddings directly from data. This non-intrusive nature is their greatest asset, allowing for 
integration with complex or proprietary FOMs and providing extreme flexibility in modeling 
nonlinear and even non-physical correlations. They have demonstrated remarkable speed-ups for 
complex geometries (e.g., finned enclosures). Their principal liabilities are the "black-box" nature, 
which complicates physical interpretation and validation; a high demand for comprehensive, high-
quality training data; and a general lack of built-in guarantees for physical consistency or 
extrapolation robustness. 

The choice among these methods is not a question of which is universally superior, but which is 
most fit-for-purpose given the application's requirements for accuracy, speed, interpretability, and 
available resources (data, FOM access, expertise). Table 1 provides a concise comparison of the three 
primary ROM categories across key attributes relevant to PCM-based LHS system modeling. With 
this methodological foundation established, Section 4 examines why these ROM techniques are 
particularly valuable—and challenging—for PCM-based LHS applications. 

4. Applicability of ROMs to PCM-Based Latent Heat Storage Systems 

 ROMs are essential for efficiently simulating complex thermal systems, particularly in the 
context of PCM-based latent heat storage systems [2,9,82]. These systems exhibit high energy density 
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and isothermal storage capabilities, making them attractive for various applications, including solar 
engineering, building heating and cooling, and thermal management of electronic devices [23,83–85]. 
However, the detailed simulation of PCM systems, which involves phase change, conduction, and 
convection, can be computationally intensive, necessitating the use of ROMs to reduce computational 
cost while maintaining sufficient accuracy [9,33,86]. ROMs are particularly applicable to PCM-based 
LHS systems because they can capture the dominant thermal dynamics without the need for detailed 
spatial discretization at every time step [87,88]. 

4.1. Advantages of ROMs in Latent Heat Storage Systems 

ROMs enable faster iteration cycles during the design phase of PCM-based TES systems. 
Engineers can quickly evaluate different PCM types, encapsulation methods, or heat exchanger 
geometries to optimize performance. For instance, a ROM of encapsulated PCMs can be used to study 
the effects of porosity, capsule diameter, and heat transfer fluid (HTF) flow rate on overall system 
performance [82]. Studies have developed approximation-assisted reduced-order PCM heat 
exchanger models to speed up the design process of thermal energy storage devices [1]. 

For effective operation and control of LHS systems, particularly in applications like building-
integrated TES, real-time feedback is crucial [89,90]. ROMs can provide rapid predictions of the 
system's thermal state, enabling proactive control strategies for charging and discharging cycles [91]. 
This is vital for managing the intermittent nature of renewable energy sources, such as solar or wind 
power, by balancing energy supply and demand. 

Predicting the thermal response of a PCM system and estimating its state-of-charge (SOC) is 
challenging due to the nonlinearity introduced by phase change [86]. ROMs, especially those 
validated against experimental data, can accurately predict transient thermal output and SOC, crucial 
for efficient energy management (Ezzat Khalifa & Koz, 2018). A 1D ROM, for example, has been 
developed for a novel latent thermal energy storage system addressing challenges like low thermal 
conductivity and expensive encapsulation processes [2]. 

PCMs often suffer from low thermal conductivity and potential leakage during phase 
transitions. Strategies to mitigate these issues include microencapsulation or the addition of highly 
conductive filler materials [93–95]. ROMs can effectively model the enhanced heat transfer in these 
composite materials. Different types of PCMs, including organic (e.g., paraffin), inorganic (e.g., salt 
hydrates), and eutectic mixtures, have varying thermal properties and operating temperature ranges. 
These can be categorized by their melting temperatures, from low-temperature PCMs like ice and 
water gel to high-temperature PCMs such as molten salts and metal alloys [96]. The selection of 
appropriate PCM depends on the application, ranging from transient thermal management of 
electronic devices, where rapid heat absorption is needed, to seasonal thermal energy storage (STES) 
for long-term energy balancing [97,98]. ROMs can aid in understanding how different PCM 
characteristics influence overall system performance across these diverse applications. 

 

Figure 8. Classifications of PCM based on its content [96]. 
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Figure 9. Classification of PCM based on melting temperature [96]. 

4.2. Core Challenges in PCM-Based LHS Modeling 

While ROMs offer significant benefits, their development and deployment in PCM-based latent 
heat storage (LHS) systems are accompanied by notable challenges. It is complicated by four 
interconnected physical phenomena, each introducing distinct modeling difficulties. [99,100]. 

4.2.1. Latent Heat Nonlinearity 

The dominant source of nonlinearity originates from the phase change process itself [101–103]. 
During melting and solidification, PCMs exhibit highly nonlinear thermophysical behavior: the 
enthalpy-temperature relationship becomes strongly nonlinear in the phase transition region, and 
key properties—specific heat, thermal conductivity, density—vary substantially between solid and 
liquid phases [104]. This nonlinearity is compounded by buoyancy-driven natural convection in the 
molten phase, which creates spatially nonuniform temperature and velocity fields that depend on 
local thermal gradients and geometry [105,106]. Hysteresis between melting and solidification further 
complicates prediction, as the material's thermal history influences its response [99]. Together, these 
nonlinear effects mean that linear modeling approaches fundamentally cannot capture PCM 
dynamics, necessitating either nonlinear projection methods (Section 3.2) or flexible data-driven 
surrogates (Section 3.3). 

4.2.2. Moving Phase Boundaries 

The solid-liquid interface propagates dynamically through the material, forming a boundary 
that is inherently time-dependent and unknown a priori [107–109]. This moving boundary problem—
classically known as the Stefan problem—requires simultaneous solution for temperature fields and 
interface position [110]. Fixed-grid methods like enthalpy-porosity avoid explicit interface tracking 
but introduce numerical challenges: fine spatial discretization is needed to resolve the phase front, 
and non-physical behavior can arise in close-contact melting scenarios where velocity errors exceed 
50% [111]. Density changes between phases cause volumetric expansion or contraction as the 
interface advances, further complicating energy balances [112]. From a ROM perspective, moving 
boundaries mean that the solution's dominant spatial features evolve, challenging static basis 
assumptions and motivating adaptive methods (Section 3.2.3). 

4.2.3. Multi-Timescale Dynamics 

PCM systems inherently exhibit dynamics spanning multiple timescales [113]. Latent heat 
absorption or release occurs rapidly over short intervals, while conduction in solid phases and 
convection in liquid phases evolve more gradually. Cascaded latent heat storage systems compound 
this complexity, as individual PCM layers may undergo phase change asynchronously [114]. The 
dynamic response can span from sub-millisecond thermal transients to charging/discharging 
processes lasting hours [115]. This wide range challenges variable time-step solvers, which often 
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encounter convergence difficulties during rapid phase change events [116]. For ROMs, multi-
timescale behavior demands that reduced bases capture both fast and slow modes; projection-based 
methods may require many modes to represent the full temporal spectrum, while data-driven 
methods need training data that adequately samples all relevant timescales. 

4.2.4. Geometry and Boundary Sensitivity 

Performance is strongly influenced by both geometric configuration and imposed boundary 
conditions [117–119]. The shape, orientation, and aspect ratio of the PCM enclosure affect heat 
transfer pathways, natural convection development, and phase change uniformity [120,121]. 
Enhancement techniques—fins, metal foams, encapsulation—further increase geometric complexity 
and parameter sensitivity [101,122,123]. Boundary conditions (constant temperature, constant heat 
flux, cyclic operation) directly determine charging/discharging behavior and must be accurately 
represented in ROMs [124,125]. This sensitivity means that ROMs trained for one configuration rarely 
generalize to others; each geometry or boundary condition change typically requires new training 
data or basis construction, limiting transferability. 

The advantages and challenges discussed above are concretely illustrated in the following case 
studies, which demonstrate how different ROMs perform across diverse LHS configurations. 

5. ROMs for PCM-Based Latent Heat Storage Systems 

The development of ROMs for LHS systems has evolved along several methodological 
trajectories, each balancing computational efficiency against physical fidelity. Current approaches 
range from physics-based analytical models to data-driven machine learning techniques, with hybrid 
methods combining the strengths of both paradigms [9]. This section examines studies representing 
the state-of-the-art in ROM development for LHS systems, reporting their LHS configuration and 
physical scope, governing physics incorporated into the ROM, the chosen ROM methodology and 
model class, snapshot or training strategy, model order and associated computational cost, accuracy 
metrics and validation approach, intended application and use case, as well as reported limitations. 

5.1. Two-Temperature Non-Equilibrium ROM for Packed Bed Systems 

A reduced-order model was developed for LHS systems consisting of spherical capsules filled 
with PCM, arranged in a packed bed configuration [82]. The physical domain used in the study 
consists of a cylindrical storage tank (460 mm length × 360 mm diameter) containing eight layers of 
evenly packed spherical capsules, as shown in Figure 10, with 55 mm inner diameter and 0.8 mm 
wall thickness. The system uses paraffin as the PCM with a melting temperature of 333 K, while water 
serves as the heat transfer fluid (HTF) flowing through the interstitial spaces between capsules. The 
model addresses the charging process where hot HTF melts the encapsulated PCM, with porosity of 
0.451 representing the volume fraction available for fluid flow. The ROM reduces the entire three-
dimensional packed bed to a one-dimensional formulation along the flow direction, treating the 
system as a porous medium with distributed thermal capacitance. This dimensional reduction is 
justified by assuming negligible temperature gradients in the radial direction and uniform behavior 
within each horizontal layer of capsules. The model scope encompasses parametric variations in 
porosity, capsule diameter, capsule shell thickness, and HTF mass flow rate to assess their influence 
on thermal performance during charging. 
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Figure 10. Physical domain of the LHS with spherically encapsulated PCM [82]. 

The governing physics are captured through a two-temperature non-equilibrium energy 
equation framework, where separate energy balances are formulated for the HTF and PCM phases. 
This approach recognizes that thermal equilibrium between the fluid and solid phases is not 
instantaneously achieved, with heat transfer resistance governing the temperature difference 
between phases. The HTF energy equation accounts for convective transport along the flow direction 
and interfacial heat exchange with the PCM capsules, while the PCM energy equation incorporates 
the enthalpy method to handle phase change. The enthalpy method treats the phase transition by 
defining total enthalpy as the sum of sensible and latent components, with the liquid fraction serving 
as the phase indicator. This formulation eliminates explicit interface tracking while naturally 
accommodating the phase change over a temperature range. The interfacial heat transfer between 
HTF and PCM is modeled using empirical correlations for flow over spheres, with the Nusselt 
number depending on Reynolds and Prandtl numbers. Heat losses to the ambient environment are 
incorporated through a thermal resistance boundary condition on the tank wall. Notably, the model 
neglects convection within the liquid PCM contained in each capsule, treating heat transfer within 
the capsule as purely diffusive. This assumption is justified for small-diameter capsules where 
conduction dominates but may introduce errors for larger capsules where natural convection 
becomes significant. The model also assumes isothermal phase change and neglects PCM 
expansion/contraction during melting. 

The ROM employs finite volume discretization along the axial direction, dividing the storage 
length into discrete control volumes. Each control volume contains both HTF and PCM, with their 
energy equations solved simultaneously. The model uses only five grid points in the axial direction, 
representing a drastic reduction from the thousands of cells required in a three-dimensional CFD 
simulation. This coarse discretization is enabled by the one-dimensional assumption and the use of 
lumped heat transfer coefficients to represent interfacial phenomena. The numerical solution 
proceeds using an implicit time-stepping scheme, solving the coupled algebraic equations for HTF 
and PCM temperatures at each time level. The phase change is handled through an iterative update 
of the liquid fraction based on the local enthalpy and temperature. Pressure drop across the storage 
is calculated using empirical correlations for flow through packed beds, accounting for both viscous 
and inertial losses. The ROM was implemented in MATLAB, with computational efficiency being a 
primary advantage. While exact timing comparisons with full-order models are not provided in the 
paper, the five-point spatial discretization and implicit time integration enable rapid simulation of 
charging processes that would require substantially more computational effort with detailed CFD. 
The sequence of steps followed in developing this ROM—from physical simplifications to numerical 
implementation and solution strategy—is summarized in Figure 11. 
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Figure 11. Reduced-order modeling workflow for the two-temperature packed-bed PCM-based LHS system 
[82]. 

The ROM validation relied on experimental data from published literature rather than 
generating a dedicated training dataset. The validation case used a storage system with identical 
geometry to the experimental setup, matching the HTF inlet temperature (343 K), flow rate (2 L/min), 
and initial PCM temperature (305 K). The heat transfer coefficient on the outer tank wall was 
calibrated to 2.92 W/m²·K based on ambient conditions. The comparison between predicted and 
measured HTF outlet temperatures showed maximum deviations of 2.5 K throughout the charging 
process. The model successfully captured the thermal stabilization period when the PCM reaches its 
melting temperature, as well as the subsequent temperature rise after complete melting. The close 
agreement validated both the two-temperature framework and the enthalpy method 
implementation. Following validation, parametric studies explored the effects of porosity (varying 
capsule packing density), capsule diameter, shell thickness, and HTF mass flow rate on system 
performance. These studies revealed that stabilization time—the period during which PCM actively 
absorbs latent heat—increases with low porosity and low mass flow rate, while capsule shell 
thickness has negligible influence on heat transfer. 

The model order is characterized by five spatial grid points along the axial direction, with two 
dependent variables (HTF and PCM temperatures) at each point. This results in approximately 10 
primary state variables, plus additional variables for tracking liquid fraction and other quantities. 
This represents a reduction of several orders of magnitude compared to full three-dimensional CFD 
models that would require millions of degrees of freedom to resolve the interstitial flow and 
individual capsule heat transfer. The computational cost of the ROM is not explicitly quantified in 
terms of wall-clock time or speed-up factors. However, the use of five grid points and implicit time 
integration suggests simulation times on the order of seconds to minutes for typical charging 
scenarios. This enables rapid parametric studies and design optimization that would be prohibitive 
with high-fidelity models. 

The primary accuracy metric is the maximum temperature deviation between predicted and 
measured HTF outlet temperatures, which remained below 2.5 K across the entire charging process. 
This corresponds to a relative error of approximately 0.7% based on the temperature difference 
between inlet HTF and initial PCM temperature. The model's main limitations stem from its 
fundamental assumptions. The neglect of natural convection in liquid PCM may underpredict heat 
transfer rates for larger capsules or high-viscosity PCMs where convection becomes significant. The 
one-dimensional assumption breaks down for storage systems with large diameter-to-length ratios 
or non-uniform flow distribution. The model also requires empirical heat transfer correlations that 
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may not be accurate outside their calibration range, and it cannot predict detailed flow patterns or 
local hot spots that might be important for certain applications. 

The intended application is solar thermal storage systems where packed-bed LHS units store 
excess thermal energy during periods of high solar irradiation for later use. The ROM enables rapid 
assessment of how design parameters (porosity, capsule size) and operating conditions (flow rate, 
inlet temperature) affect storage capacity, charging time, and thermal efficiency. This supports 
optimization of storage system design for specific solar thermal installations. The model is 
particularly suited for system-level simulations where the LHS unit is coupled with solar collectors, 
heat exchangers, and thermal loads. The computational efficiency allows the storage model to be 
embedded in larger energy system models without becoming a bottleneck. Potential extensions could 
include discharging process simulation and integration with controls for optimal charge/discharge 
scheduling. 

5.2. Approximation-Assisted ROMs for PCM Heat Exchangers 

A two complementary reduced-order modeling approaches (i.e., black-box and grey-box model) 
for PCM-embedded heat exchangers were developed and used in thermal energy storage 
applications [1]. The physical system consists of n-tetradecane PCM embedded in a thermally 
conductive graphite matrix, forming a composite that enhances the effective thermal conductivity 
while maintaining high latent heat capacity. The PCM-graphite composite is integrated into a heat 
exchanger geometry where heat transfer fluid flows through channels, exchanging thermal energy 
with the PCM. The ROM development targets rapid prediction of PCM HX performance across a 
wide design and operating space. The design variables include PCM transition temperature, fluid 
mass flow rate, and PCM slab thickness, defining a three-dimensional parameter space that must be 
explored during optimization. The inlet fluid conditions (temperature and mass flow rate) vary 
dynamically during charging and discharging, requiring the ROM to accurately predict transient 
thermal behavior under time-varying boundary conditions. 

Unlike physics-derived reduced models, this approach follows a CFD-informed ROM 
development strategy in which high-fidelity simulations serve as a data generator for constructing a 
fast predictive surrogate. The overall process does not reduce the governing equations directly, but 
instead transforms CFD outputs into an efficient reduced representation through data extraction, 
training, and validation stages. The overall workflow by which finite-volume simulation data are 
transformed into black-box and grey-box reduced-order representations is illustrated in Figure 12. 
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Figure 12. ROM development workflow for CFD-informed ROMs for PCM-embedded heat exchangers [1]. 

Two distinct ROM formulations were developed: a pure black-box model and a physics-
informed grey-box model. The black-box model treats the PCM HX as an input-output system 
without explicit representation of internal physics, relying entirely on data-driven correlations. In 
contrast, the grey-box model incorporates simplified heat transfer physics through the effectiveness-
NTU (ε-NTU) method, which provides an analytical framework for heat exchanger performance. The 
ε-NTU method in the grey-box model represents the PCM using a two-node thermal network: one 
node for solid PCM at the transition temperature and one for sensible heat storage in liquid or solid 
regions. The effectiveness parameter characterizes the heat exchanger's ability to transfer heat 
between the fluid and PCM, while the Number of Transfer Units quantifies the ratio of thermal 
capacitance to heat transfer resistance. This formulation captures the essential physics of heat 
exchange and phase transition while maintaining computational simplicity. Neither model explicitly 
resolves spatial temperature distributions within the PCM or detailed flow patterns in the fluid 
channels. Heat transfer is instead characterized through lumped parameters (effectiveness, NTU) or 
direct metamodel predictions (black-box). This level of abstraction enables rapid evaluation but 
sacrifices detailed local information about phase front progression or temperature gradients. 

The black-box model employs Kriging metamodeling, a Gaussian process regression technique 
that interpolates function values based on spatial correlation structures. Training data consisting of 
input parameters (fluid inlet temperature difference from PCM transition temperature, mass flow 
rate, PCM thickness) and output responses (PCM HX heat rate as a function of time) are generated 
using a validated finite-volume model. The Kriging metamodel learns the complex nonlinear 
mapping from inputs to transient heat rate trajectories, enabling rapid prediction for new parameter 
combinations not explicitly simulated during training. The grey-box model structure divides the 
transient thermal response into distinct periods based on the dominant heat transfer mechanism. 
During the primary phase change period, the ε-NTU method predicts heat transfer with the PCM 
maintained at its transition temperature. After phase change completion, a second period models 
sensible heating or cooling of fully solid or liquid PCM. Time periods demarcating these transitions 
are predicted using metamodel correlations trained on finite-volume simulation results. Both models 
operate without spatial discretization of the PCM domain, instead predicting global quantities like 
total heat transfer rate and outlet fluid temperature. This lumped-parameter approach enables time 
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steps of 1 second compared to the millisecond-scale steps required for explicit finite-volume schemes, 
contributing significantly to computational acceleration. 

The training dataset was generated using a validated two-dimensional finite-volume model that 
resolves conduction in the PCM-graphite composite and convection in the fluid channels. The 
sampling strategy employed Latin Hypercube Sampling to efficiently cover the three-dimensional 
design space with 38 sample points per design space (melting and solidification considered 
separately). This structured sampling ensures good space-filling properties and captures the design 
space more efficiently than random sampling. Eight corner points were added to the LHS samples to 
ensure the design space boundaries are adequately represented. The total training library thus 
consisted of 76 high-fidelity simulations (38 samples × 2 design spaces), with each simulation 
requiring 13 to 127 seconds depending on the melting/solidification time. For the black-box model, 
the training data consists of time series of heat rate for each sample point, while the grey-box model 
extracts characteristic time periods and effectiveness values from the same simulations. The finite-
volume training simulations used an explicit time-stepping scheme with fine spatial resolution to 
ensure accuracy. The computational investment in training data generation is substantial 
(approximately 1-2 hours total), but this one-time cost enables unlimited rapid predictions across the 
entire design space. 

The model order differs fundamentally between the two approaches. The black-box Kriging 
metamodel has no explicit state variables, instead directly predicting output quantities from input 
parameters through learned correlation functions. The effective dimensionality is determined by the 
number of training samples that define the Gaussian process. The grey-box model has approximately 
2-3 state variables representing PCM node temperatures and phase state, making it slightly more 
complex but still drastically simplified compared to the baseline finite-volume model with thousands 
of degrees of freedom. Computational performance comparisons against the finite-volume baseline 
revealed dramatic speed-ups, as shown in Figure 13. The finite-volume model required an average 
of 44 seconds per verification case, while the grey-box model completed the same simulation in 2.5 
seconds and the black-box model in 0.2 seconds. This yields speed-up factors of approximately 18× 
for the grey-box model and 220× for the black-box model on a component level. When integrated into 
a complete vapor compression system for thermal energy storage, the system simulation time 
decreased from an average of 1465 seconds using the finite-volume PCM HX model to 59 seconds 
using the reduced-order models. This represents a speed-up of 25-57× at the system level, enabling 
design optimization and control studies that would be computationally prohibitive with high-fidelity 
models. 

 

Figure 13. Computational cost reduction of black-box and grey-box models from finite volume model [1]. 
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Model accuracy was assessed using 1000 verification points (500 for melting, 500 for 
solidification) randomly sampled from the design space. The black-box model achieved a mean 
absolute error in fluid outlet temperature of 0.05 K, while the grey-box model had a slightly higher 
error of 0.10 K. Maximum errors reached 0.31 K and 0.50 K for the black-box and grey-box models 
respectively during melting processes. The grey-box model showed larger temperature deviations 
toward the end of the phase change process due to its simplified two-node PCM representation. The 
assumption of instantaneous transition between phase change and sensible heat periods introduces 
discontinuities not present in the actual physical system, leading to localized prediction errors. The 
black-box model, unconstrained by this structural simplification, achieved better accuracy through 
its more flexible functional form. At the system level, when integrated with a vapor compression 
system, the mean absolute deviation in compressor energy consumption was 0.2% for the black-box 
model and 0.3% for the grey-box model. Total charging time predictions showed deviations of 1.1% 
and 2.6% respectively. These remarkably low system-level errors demonstrate that local temperature 
prediction errors do not necessarily propagate to integral performance metrics due to compensating 
effects. 

The primary application is accelerated design and optimization of PCM-based thermal energy 
storage devices for building HVAC systems and renewable energy integration. The ROMs enable 
rapid evaluation of hundreds or thousands of design alternatives to identify optimal PCM selection, 
heat exchanger geometry, and operating strategies. The computational efficiency particularly benefits 
multi-objective optimization problems where Pareto frontiers must be mapped across competing 
objectives like capital cost, storage capacity, and round-trip efficiency. The models are also suited for 
system-level simulation where the PCM HX couples with vapor compression cycles, solar collectors, 
or building thermal loads. The near-instantaneous evaluation enables day-long or season-long 
simulations with hourly or sub-hourly time resolution, supporting analysis of energy cost savings, 
peak demand reduction, and grid interaction strategies. 

Several limitations constrain the applicability of these ROMs. Both models assume one-
dimensional heat transfer perpendicular to the flow direction, neglecting multi-dimensional effects 
that may be important for complex geometries. Natural convection within liquid PCM is not 
explicitly modeled, though its effects may be implicitly captured in the training data. The models do 
not account for PCM degradation, subcooling, or hysteresis effects that can occur in real systems after 
many thermal cycles. The black-box model requires substantial training data covering the entire 
operating range of interest, and extrapolation beyond the training domain can produce unreliable 
predictions. The grey-box model's two-node PCM representation limits accuracy during transition 
periods between phase change and sensible heat modes. Neither approach provides detailed 
information about local temperature distributions or phase front locations, which may be important 
for identifying hot spots or optimizing internal heat transfer enhancement features. 

5.3. POD-Based ROM for Direct Steam Generation Solar Thermal Power 

Researchers developed a Proper Orthogonal Decomposition (POD) reduced-order model 
specifically targeting latent heat storage processes in direct steam generation solar thermal power 
(DSG-STP) systems [8]. The physical configuration consists of a shell-and-tube heat exchanger where 
saturated steam at 10.7 bar flows through tubes while PCM undergoes phase change in the shell side. 
This high-temperature application (steam temperatures near 180°C) presents unique challenges 
compared to lower-temperature building applications, including both vapor-liquid phase change in 
the HTF and solid-liquid phase change in the PCM. The ROM addresses unsteady-state heat transfer 
with simultaneous phase change occurring in both the PCM and the steam/water HTF. The system 
geometry includes internal tube arrays surrounded by PCM, with specific attention to modeling the 
vapor-liquid interface movement in the HTF tubes and the solid-liquid interface in the PCM region. 
The model scope encompasses variations in steam inlet conditions and time-dependent boundary 
conditions representative of solar thermal plant operation where steam generation rates fluctuate 
with solar irradiance. 
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The full-order model underlying the POD-ROM combines the Lee model for vapor-liquid phase 
change with the enthalpy-porosity approach for PCM melting. The Lee model governs condensation 
and evaporation of the steam/water HTF by introducing source terms in the mass and energy 
equations based on the local temperature relative to the saturation temperature. The vapor mass 
fraction serves as the primary indicator of the phase state in the HTF domain. For PCM phase change, 
the enthalpy-porosity method treats the mushy zone as a porous medium with porosity equal to the 
liquid fraction. As the PCM melts, the liquid fraction evolves from zero (fully solid) to one (fully 
liquid), with momentum equations including a Darcy-type source term that suppresses velocity in 
the solid regions. This formulation naturally handles the moving solid-liquid interface without 
explicit tracking. The coupling between HTF and PCM occurs through conjugate heat transfer 
boundary conditions at the tube walls. The full-order model solves the complete set of conservation 
equations (mass, momentum, energy) in both domains using finite volume methods. Natural 
convection in liquid PCM is captured through the Boussinesq approximation, accounting for density-
driven flow that can significantly enhance heat transfer compared to pure conduction. 

The POD approach extracts dominant spatial patterns (modes) from an ensemble of full-order 
solution snapshots through singular value decomposition (SVD). Snapshots representing the 
temperature field at different time instants are arranged as columns in a matrix, and SVD identifies 
the orthogonal basis functions that optimally represent the ensemble in a least-squares sense. The 
energy contribution of each mode quantifies how much of the total variance it captures, allowing 
selection of the minimum number of modes needed to achieve a target accuracy. For the DSG-STP 
application, the temperature field is decomposed as a linear combination of POD basis functions with 
time-varying coefficients. The key reduction comes from retaining only the most energetic modes 
(typically 1-5) while discarding higher-order modes that contribute little to the overall variance. This 
compression from potentially millions of spatial degrees of freedom to a handful of coefficients 
enables dramatic computational savings. The POD coefficients (time-varying amplitudes of each 
mode) are obtained through interpolation methods rather than solving reduced-order differential 
equations. Snapshots at a limited number of time instants and operating conditions are generated 
using the full-order model, POD modes are extracted, and the coefficients for new conditions are 
interpolated from the snapshot database. This non-intrusive approach avoids the complexity of 
Galerkin projection and makes the ROM easy to implement. The sequence of steps followed in 
constructing this POD-based ROM is summarized in Figure 14. 

 

Figure 14. ROM development of POD-based ROM for DSG-STP system [8]. 
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Training data consisted of 13 optimal trajectories generated by solving the full-order model with 
the Lee model and enthalpy-porosity approach. Each trajectory was sampled at 10 uniformly 
distributed time steps over a 0.5-second simulation window (with 0.05-second intervals), yielding 
130 total snapshots. The operating parameters varied included the angle of attack (sampled in the 
range of -1.0 to 1.0 radians) and time, creating a two-dimensional parameter space. The full-order 
simulations required substantial computational effort, with each trajectory taking approximately 20 
minutes on a single CPU core. This investment in generating high-quality training data is essential 
for POD-ROM accuracy, as the basis functions must adequately span the solution manifold across 
the operating range of interest. After extracting POD modes from the training snapshots, the modes 
are used to compress and reconstruct test data not included in the training set. The reconstruction 
error—the difference between the full-order snapshot and its POD approximation—provides a 
measure of how well the modes capture the essential dynamics. Acceptable reconstruction errors 
indicate that the POD basis is sufficiently rich. 

The model order is characterized by the number of POD modes retained, which varied from 1 
to 5 depending on the field variable and desired accuracy. For temperature predictions, using 5 POD 
modes achieved accumulative energy contributions exceeding 99%, meaning the retained modes 
capture 99% of the variance in the training data. Velocity and vapor mass fraction fields required 
similar mode counts. The computational speed-up achieved by the POD-ROM is substantial. For one 
test case (Case A), the finite volume method required approximately 4 hours of simulation time, while 
the POD model completed the same simulation in 45.865 seconds. This represents a speed-up factor 
of approximately 314×, reducing a prohibitively expensive simulation to near-interactive speeds. The 
speed-up stems from multiple sources: elimination of spatial discretization (replaced by mode 
amplitudes), larger allowable time steps in the coefficient interpolation, and avoidance of iterative 
solution of nonlinear equations at each time step. The POD prediction simply evaluates a linear 
combination of pre-computed basis functions, requiring minimal computational effort. 

Accuracy was quantified using relative mean error (RME) comparing POD predictions to full-
order finite volume results. For temperature fields, the RME remained below 0.1% across all test 
cases, demonstrating excellent agreement. This remarkably low error reflects both the effectiveness 
of POD for smooth thermal fields and the adequate sampling of the parameter space during training. 
For vapor mass fraction—a more challenging quantity due to its discontinuous nature across phase 
boundaries—the POD-ROM also showed good performance when using 5 basis functions. The 
accumulative energy contribution reached 99.97% with 5 modes, confirming that this mode count 
adequately captures the vapor-liquid interface dynamics. Liquid fraction in the PCM region exhibited 
similar accuracy with 5 modes yielding 99.08% energy contribution. The POD-ROM demonstrated 
consistent accuracy across both Case A and Case B test scenarios, which explored different inlet 
conditions and time ranges. The relative mean error for temperature predictions remained below 
0.1% in both cases, and melting time predictions showed errors within 4.7%. The consistency across 
test cases indicates good generalization capability of the POD basis. 
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Figure 15. Finite volume model (FVM) and POD model comparison of the average temperature when 𝑡 = 0.5 
hours (left) and 𝑡 = 1 hour (right) [8]. 

The intended application is fast simulation and control of thermal energy storage in DSG solar 
thermal power plants. In these systems, solar collectors generate steam that must be stored during 
periods of excess generation and retrieved during shortfalls. The POD-ROM enables rapid evaluation 
of storage performance under fluctuating solar input, supporting optimization of storage sizing, 
operating strategies, and dispatch scheduling. The computational efficiency is particularly valuable 
for model-based predictive control, where control decisions must be updated based on forecasted 
solar availability and electricity demand. The POD-ROM can be embedded in optimization 
algorithms that run in real-time or near-real-time, enabling closed-loop control that maximizes 
energy delivery or revenue while respecting system constraints. 

The POD-ROM's primary limitation is its reliance on pre-computed snapshots covering the 
operating range of interest. Extrapolation beyond the parameter space sampled during training can 
produce inaccurate results, as the POD basis may not adequately represent physics outside the 
training domain. The model also inherits any inaccuracies in the underlying full-order model, 
including limitations of the Lee model and enthalpy-porosity approach. The interpolation-based 
approach for obtaining POD coefficients may introduce errors at intermediate operating conditions 
not well-represented in the snapshot database. More sophisticated interpolation methods or larger 
snapshot libraries could improve accuracy but at the cost of increased training effort. The model also 
provides only temperature, velocity, and phase fraction fields—derived quantities like local heat 
fluxes or stress distributions require post-processing. A practical limitation noted by the authors is 
the relatively small number of training samples (13 trajectories) used in this demonstration. While 
sufficient for the two-parameter space explored, more complex systems with additional degrees of 
freedom would require substantially more snapshots to adequately sample the solution manifold. 
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The linear nature of POD may also limit accuracy for highly nonlinear phenomena like turbulent 
convection or complex phase change behavior. 

5.4. Analytical 1D ROM for Metal-Polymer Composite Heat Exchangers 

A ROM was proposed for a novel LHS system utilizing additively manufactured metal–polymer 
composite heat exchangers [2]. The physical configuration consists of metal fin-wires arranged in a 
tube-bank geometry, with the interstitial spaces filled by polymer encapsulating the PCM. This cross-
media approach leverages additive manufacturing to create integrated structures where conductive 
metal fins enhance heat transfer while the polymer provides in-built macro-encapsulation for the 
PCM. The system geometry is reduced to a segment-level model comprising a single PCM-wire 
cylindrical domain based on the tube-bank arrangement. Each cylindrical domain represents the 
PCM wrapped around one metal wire, with the radius determined by the wire spacing (transverse 
pitch ST and longitudinal pitch SL). This geometric abstraction enables analysis of the fundamental 
heat transfer unit cell rather than the entire heat exchanger, dramatically reducing model complexity. 

The ROM assumes one-dimensional radial conduction inside the PCM cylinders enveloping the 
metal wires, neglecting both axial conduction along the wire direction and convection in the liquid 
PCM. This simplification is justified for low Stefan number applications where conduction dominates 
and for geometries with high aspect ratios where radial resistance significantly exceeds axial 
resistance. The metal wire is treated as having infinite thermal conductivity in the axial direction but 
finite radial conductivity that couples to the PCM through the wire-PCM interface. Heat transfer from 
the heat transfer fluid to the PCM occurs through convective boundary conditions on the wire 
surface. The convective heat transfer coefficient is obtained from standard correlations for flow over 
heated cylinders in tube banks. The PCM phase change is modeled using thermal resistance and 
energy conservation principles, with latent energy analytically computed for the cylindrical domain 
and then time-integrated for the entire TES assembly. Notably, the model neglects sensible thermal 
capacity, making it applicable primarily for low Stefan number applications where latent heat 
dominates over sensible heat. The model also assumes negligible overlaps between adjacent PCM 
cylinders, though geometric studies were conducted to assess the impact of overlapping regions 
where this assumption breaks down. 

 

Figure 16. Correlation between 1D ROM and 2D CFD model [2]. 
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Figure 17. 1D ROM development flow for PCM-based TES [2]. 

The analytical ROM is constructed using thermal resistance and energy conservation principles 
rather than discretized differential equations. The heat flow from the HTF through the convective 
boundary layer, across the wire, and into the PCM is modeled as a series of thermal resistances. The 
melting process advances radially inward from the heated wire surface, with the position of the solid-
liquid interface tracked as a function of time. Energy conservation applied to the moving phase 
boundary yields an ordinary differential equation for the interface position. This equation is solved 
analytically or semi-analytically, providing explicit expressions for the temperature distribution and 
interface location as functions of time. The total latent energy stored is obtained by integrating the 
energy released during solidification (or absorbed during melting) over the volume of PCM that has 
undergone phase change. The segment-level model is then extended to the entire TES by multiplying 
the energy stored in a single cylindrical domain by the total number of wire-PCM units. This scaling 
approach assumes all units behave identically, which is valid for uniform inlet conditions and 
negligible flow maldistribution. The computational cost is minimal since the ROM involves 
evaluating analytical or semi-analytical expressions rather than solving large systems of equations. 
The general workflow that transform the original multidimensional heat transfer problem into an 
efficient one-dimensional reduced-order formulation is presented in Figure 17. 

Rather than training on high-fidelity simulation snapshots, the 1D ROM was validated against 
a 2D axisymmetric CFD model. The CFD model represents a single cylindrical PCM domain with 
radial and axial heat conduction, providing a reference solution against which the 1D assumption 
can be assessed. A 2D Cartesian CFD model was also developed to study the geometric behavior of 
overlaps between adjacent cylinders and their effect on model accuracy. The validation studies varied 
three non-dimensional parameters across wide ranges: (i) τ (dimensionless time, ranging from 0.03 
to 300), (ii) BiLR (Biot number based on axial conductance, 0.03 to 300), and (iii) Rwire (resistance ratio, 
0.01 to 100). These parameters characterize the relative importance of different heat transfer 
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mechanisms and resistance components, allowing assessment of where the 1D approximation is 
valid. Optimum geometric ranges of wire spacings and sizes were identified through these 
parametric studies. Spacing ratios of ST/SL = 1.27 and 3.5 at higher rmax were found to yield accurate 
results. For most parameter combinations, the 1D ROM correlated well with the 2D axisymmetric 
reference model to within 10%, as shown in Figure 16, except at extreme ranges where BiLR ≥ 300 or 
Rwire ≥ 10 led to significant axial conduction deviating from the 1D assumption. 

The model order is characterized by a single spatial coordinate (radial position) with analytical 
or semi-analytical solutions obviating the need for discretization. The primary unknowns are the 
interface position as a function of time and the temperature distribution in the solid and liquid 
regions, which can be expressed in closed form or require solution of a single ordinary differential 
equation. Computational cost is not explicitly quantified in terms of speed-up factors or wall-clock 
times. However, the analytical nature of the model suggests near-instantaneous evaluation suitable 
for real-time applications or extensive design optimization studies. The model is particularly 
appropriate for design optimization problems where the ROM must be evaluated thousands or 
millions of times to identify optimal configurations. 

The primary accuracy metric is the comparison of performance parameters (such as time to reach 
90% melting) between the 1D ROM and the 2D CFD reference. For the ranges where the 1D 
assumption is valid, deviations remain within 10%. This accuracy is achieved without any tuning or 
calibration—the ROM is purely based on first principles with no adjustable parameters beyond 
standard material properties and heat transfer correlations. The geometric studies using 2D Cartesian 
CFD revealed that overlapped areas between adjacent cylindrical domains can introduce errors when 
their extent becomes significant. The model accuracy depends on selecting appropriate spacing ratios 
that minimize these overlaps while maintaining reasonable packing density. Optimal spacing ratios 
identified through these studies help guide practical system design. For extreme parameter 
combinations outside the validity range (BiLR ≥ 300, indicating dominant axial conduction in the 
wire), deviations can reach 86%. However, for typical applications with BiLR < 3 where fluid-side 
resistance dominates, the model unconditionally correlates well with 2D CFD regardless of Rwire 
value. This delineation of the validity domain helps users understand when the 1D ROM can be 
trusted. 

The target application is peak-load shifting for building cooling through thermal energy storage. 
The lightweight, low-cost metal-polymer composite HX enables integration of latent heat storage in 
building HVAC systems, charging the PCM during off-peak hours when electricity is inexpensive 
and discharging during peak demand periods. The 1D ROM supports rapid design of these systems, 
determining optimal PCM selection, wire dimensions, and spacing. The model is also applicable to 
pulsed-power cooling applications where transient high heat loads must be managed. In such 
applications, the ROM enables assessment of how quickly the PCM can absorb heat pulses and how 
long before thermal management fails. The analytical nature makes the model suitable for parametric 
design studies exploring trade-offs between weight, volume, cost, and thermal performance. 

The neglect of sensible thermal capacity limits applicability to low Stefan number situations 
where latent heat dominates. For PCMs with low latent heat or applications with large temperature 
excursions, the sensible heat contributions cannot be ignored. The assumption of 1D radial 
conduction breaks down when axial conduction becomes significant (large BiLR or Rwire), requiring 
users to verify they are operating within the valid parameter ranges. Natural convection in liquid 
PCM is neglected, which may underpredict heat transfer for materials with low viscosity and 
moderate to large wire diameters [6]. The model also assumes perfect thermal contact between the 
wire and PCM, whereas in reality interfacial thermal resistance may exist. Geometric overlaps 
between adjacent cylindrical domains are not rigorously accounted for, though their impact has been 
studied and optimal spacing ratios identified to minimize errors. 
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5.5. CFD Results-Based Look-Up Table ROMs 

A novel approach was introduced to generate reduced-order models for LHS systems with 
macro-encapsulated PCM, utilizing CFD simulation results as the basis [9]. The physical system 
consists of spherical capsules filled with PCM arranged in layers within a storage tank. Hot HTF 
flows upward through the tank, charging the PCM by melting it through convective heat transfer at 
the capsule surfaces and conductive/convective heat transfer within each capsule. The ROM 
approach focuses on a single capsule as the fundamental modeling unit, recognizing that system 
behavior emerges from the collective response of many such capsules. This segment-level reduction 
is analogous to the approach taken by Kailkhura et al. [2], but here the detailed capsule dynamics are 
captured through comprehensive CFD simulations rather than analytical approximations. Three 
levels of modeling fidelity were explored: (1) PCM only (CFD-PCM), (2) PCM with air gap and 
capsule wall (CFD-PCM-air-wall), and (3) full system including surrounding HTF (CFD-PCM-air-
wall-HTF). 

The CFD models capture detailed heat transfer physics within and around individual PCM 
capsules. The PCM phase change is modeled using the enthalpy-porosity method, which naturally 
handles the moving solid-liquid interface and allows for mushy zone formation. Close-contact 
melting (CCM) at the bottom of the capsule—where the liquid PCM layer becomes very thin as solid 
PCM sinks due to gravity—is resolved by the CFD mesh. Natural convection within liquid PCM is 
fully captured through solution of the Navier-Stokes equations coupled with energy conservation. 
The Boussinesq approximation relates density variations to temperature differences, driving 
buoyancy-induced flow. This convection significantly affects melting rates, particularly in the later 
stages of charging when large liquid regions have formed. For the models including the capsule wall, 
conjugate heat transfer across the shell is resolved, accounting for thermal resistance and capacitance 
of the wall material. The CFD-PCM-air-wall-HTF variant further includes the HTF flow field around 
the capsule, capturing the development of thermal boundary layers and wake effects that influence 
heat transfer coefficients. Each level of fidelity adds computational cost but potentially improves 
prediction accuracy. 

The ROM methodology consists of two stages: (1) offline CFD simulation campaign to populate 
look-up tables, and (2) online rapid evaluation using the tables within a system simulation model. In 
the offline stage, detailed CFD simulations of a single capsule are performed for systematically varied 
boundary conditions. The results are written into look-up tables that contain the charging power of 
one capsule as a function of the enthalpy stored and the boundary conditions (HTF temperature, heat 
transfer coefficient or mass flow rate). The look-up tables effectively compress the CFD results into a 
functional relationship 𝑄 =  𝑓ሺ𝐻,𝑇ு்ி ,𝑘 𝑜𝑟 𝑚ሶ ሻ, where 𝑄 is the instantaneous heat transfer rate, 𝐻 
is the total enthalpy stored in the capsule, and the remaining arguments characterize the thermal 
driving force and convection strength. This representation captures the essential nonlinear 
relationship between driving conditions and heat transfer without requiring solution to the full CFD 
problem. In the online stage, the system simulation model discretizes the storage tank into layers, 
with each layer containing multiple capsules. At each time step, the enthalpy of capsules in each layer 
is known, allowing the look-up table to be queried to determine the heat transfer rate. This rate is 
used to update the enthalpy and HTF temperature, marching forward in time. The approach assumes 
capsules within a layer behave identically and neglects inter-layer heat transfer, which are reasonable 
approximations for most storage configurations. 
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Figure 18. LUT ROM development for LHS system with macro-encapsulated PCM [9]. 

The offline CFD simulations were performed for 6-18 different combinations of boundary 
conditions depending on the model variant. The parameters varied included HTF temperature (22.5-
35°C), heat transfer coefficient (114-285 W/m²K for fixed coefficient models), and mass flow rate 
(5.893-7.237 kg/min for the HTF-included model). Each CFD simulation tracked one capsule from the 
fully solid state through complete melting, providing time series of heat transfer rate and stored 
enthalpy. Each individual CFD simulation lasted up to more than two weeks on one CPU core of a 
workstation. This substantial computational investment is incurred once during the offline training 
phase, but the resulting look-up tables enable thousands of rapid online evaluations. The approach 
is viable when access to computing clusters allows many simulations to run in parallel, amortizing 
the wall-clock time for training data generation. The CFD mesh for the PCM domain contained 60,000 
cells with strong refinement near the bottom boundary to resolve close-contact melting. Mesh 
independence studies confirmed this resolution adequately captures the essential physics without 
excessive computational cost. The CFD models were implemented in OpenFOAM and validated 
against experimental measurements before use in training data generation. The transformation of 
extensive CFD training simulations into an ultra-fast look-up table reduced-order model is 
summarized in Figure 18. 

The look-up table (LUT) ROM has no explicit state variables in the traditional sense—it operates 
by table interpolation rather than solving differential equations. The effective model complexity is 
determined by the resolution of the look-up table grid, which spans 2-3 dimensions depending on 
whether a constant heat transfer coefficient or varying mass flow rate is considered. The tables are 
queried using efficient interpolation functions, with computational cost dominated by table read 
operations. The computational speed-up achieved is extraordinary. The fastest ROM variant 
completed system simulations in approximately 5 seconds, while the reference CFD simulation of the 
full storage would take up to two weeks. This represents a speed-up factor of approximately 80,000×, 
among the highest reported for any LHS ROM. Even accounting for time spent reading from look-
up tables—which can be further optimized by compiling to C code—the speed-up factor remained 
above 50,000×. 
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The ROM was validated against experimental measurements from a two-layer storage system. 
The temporal mean deviation of energy content between experiments and the ROM was only 5%, 
demonstrating excellent agreement despite the multiple simplifications inherent in the segment-level 
approach. This validation included realistic effects like heat losses and non-uniform HTF distribution 
that are challenging to capture in simplified models. Comparisons between the three model variants 
revealed that including the capsule wall is essential for accurate predictions, especially when wall 
thermal conductivity is significantly higher than PCM conductivity. The HTF flow field, however, 
can be replaced by a properly defined convective boundary condition without substantial loss of 
accuracy, simplifying the CFD training simulations. These findings provide guidance on the 
minimum level of physics fidelity required. 

The intended application is rapid design and optimization of large-scale LHS systems with 
macro-encapsulated PCM. The ROM enables evaluation of different capsule sizes, materials, and tank 
geometries across varying operating conditions. The speed-up makes it feasible to simulate full 
charge-discharge cycles over days or weeks, supporting techno-economic analysis and control 
strategy development. 

The primary limitation is the substantial upfront computational cost for CFD training data 
generation, requiring access to computing clusters for parallel execution. The approach is most 
valuable when many design iterations or long-duration simulations justify this investment. The look-
up tables are specific to the capsule geometry and materials studied—new configurations require 
new CFD campaigns. Additionally, the model assumes uniform behavior within each tank layer and 
neglects potential flow maldistribution or hot spots that could occur in large storage systems. 

5.6. Machine Learning-Based Reduction: Artificial Neural Networks for Finned Enclosures 

Just recently, the PCM melting dynamics in a rectangular enclosure with dimensions of 50 × 50 
mm was predicted using artificial neural networks (ANN) [126]. The configuration includes a 5 mm 
thick aluminum heater plate maintained at constant temperature (70°C) on the left side. Inside the 
enclosure are two fins with varying lengths of 12.5 mm, 25 mm, and 37.5 mm, allowing investigation 
of fin geometry effects on melting behavior. The physical scope encompasses the solid-liquid phase 
change process and the evolution of the melting front over time. The numerical model accounts for 
the phase change process of PCM through energy conservation and momentum equations. The 
enthalpy-porosity method is employed to treat the mushy zone as a porous medium during melting, 
equating the liquid phase volume fraction to the porosity. The model captures heat conduction in 
both solid and liquid phases, natural convection effects during melting, and the temporal evolution 
of the solid-liquid interface. These governing equations provide the basis for generating training data 
through numerical simulation. The data-driven workflow that converts numerical simulation 
outputs into machine learning-informed ROM is outlined in Figure 19.  
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Figure 19. ML-informed ROM development workflow for predicting the melting time of PCM-based LHS system 
[126]. 

The ROM methodology employs ANNs trained on numerical simulation data. Spatial 
coordinate data of the solid-liquid interface at various time steps extracted from numerical contours 
are used to train the ANN model. The ANN learns the dynamic melting behaviors of PCM under 
varying conditions, subsequently enabling prediction of melting front evolution and temperature 
distribution. This represents a data-driven surrogate modeling approach that replaces expensive 
numerical simulations. The training approach uses coordinate data extracted from numerical 
simulation results at three different fin lengths (12.5 mm, 25 mm, and 37.5 mm). After training on 
these three geometries, the ANN model is employed to predict melting behavior at intermediate fin 
lengths of 20 mm and 30 mm, which were not included in the training dataset. This strategy tests the 
ANN's ability to interpolate across the geometric parameter space and predict results for conditions 
not explicitly simulated during training. The computational speedup achieved by the ANN approach 
is dramatic. Simulating PCM melting for two intermediate fin length cases (20 mm and 30 mm) via 
traditional numerical methods requires approximately 6 days of computational time. In contrast, the 
trained ANN model completes predictions in just a few minutes, representing a computational 
acceleration of roughly 1,440× while maintaining high accuracy. This substantial reduction enables 
rapid thermal system design exploration and optimization. The ANN model demonstrates 
exceptional accuracy with low error metrics. For PCM melting front training, mean absolute error 
(MAE), mean squared error (MSE), and Pearson's correlation coefficient (R) values are approximately 
0.014, 0.03, and 0.99, respectively. For temperature distribution, corresponding metrics are around 
0.016, 0.03, and 0.99. Validation on unseen fin lengths (20 mm and 30 mm) yields MAE, MSE, and R 
values of approximately 0.02, 0.03, and 0.98, demonstrating robust generalization. Graphical 
comparisons show predicted melting fronts and temperature distributions closely aligned with 
numerical simulation results across all time intervals. The ANN approach is intended to advance 
thermal management system designs through efficient prediction of PCM melting behavior. By 
reducing simulation time from approximately 6 days to a few minutes with high accuracy, the 
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methodology enables practical design optimization of finned PCM enclosures. The approach is 
adaptable to various thermal management applications where rapid performance assessment is 
required during iterative design processes. While the ANN model shows high accuracy for 
interpolation within the training parameter range, the study does not extensively explore 
extrapolation beyond the geometric range covered by the three training cases. The reliance on 
numerical simulation data for training introduces the same physical assumptions inherent in the CFD 
approach. Additionally, the transferability of the trained model to different enclosure sizes, fin 
materials, or PCM types requires validation and potentially retraining. 

5.7. Machine Learning-Based Reduction: XGBoost for Triplex-Tube Systems 

Another study developed a machine learning prediction method for a triplex-tube thermal 
energy storage system incorporating PCM with Y-shaped fins to enhance heat transfer [127]. The 
configuration includes design variables encompassing fin angle (10-20°), fin width (5-15 mm), fin 
design characteristics, and operational conditions including heat transfer fluid temperature (60°C). 
The physical scope encompasses the melting response time of PCM, representing the duration 
required for complete or substantial phase transition under specified thermal conditions. The 
numerical model is based on the enthalpy-porosity method for simulating the melting process. The 
governing equations include the continuity equation, momentum equations with Boussinesq 
approximation for natural convection, and energy conservation accounting for phase change latent 
heat. The liquid fraction of PCM is calculated as a function of temperature relative to phase change 
limits, and the mushy zone constant is a key element controlling the transition. The model also 
accounts for boundary conditions where no-slip conditions are applied at solid surfaces. Four 
machine learning algorithms were employed to predict melting response time: polynomial 
regression, support vector regression (SVR), random forest (RF) regression, and extreme gradient 
boosting (XGBoost). Hyper-parameter optimization was performed using a Bayesian approach to 
refine each model's performance. The XGBoost model demonstrated superior predictive capability 
compared to alternative approaches, emerging as the optimal model class for this prediction task. 
The training dataset comprises 60 numerical simulation cases with melting response times ranging 
from 15 to 45 minutes under varying design and operational conditions. Prior to model development, 
variable independence was validated to ensure robust predictions. The dataset encompasses 
variations in fin angle, fin width, and heat transfer fluid temperature, capturing the interaction effects 
between these design parameters on system response time. The trained XGBoost model achieves 92% 
accuracy in predicting melting response time. The general workflow for developing the ML-informed 
ROM model is presented in Figure 20.  
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Figure 20. XGBoost model (ML-informed ROM) development for triplex-tube TES [127]. 

By replacing expensive numerical simulations with rapid ML predictions, the approach enables 
efficient design space exploration. Once trained, the model can evaluate numerous design candidates 
in minimal computational time compared to full numerical simulations, substantially accelerating 
the design optimization process for triplex-tube thermal storage systems. Performance evaluation 
employed mean squared error and coefficient of determination (R²) as primary metrics. The XGBoost 
model outperforms alternative algorithms, achieving the highest accuracy and lowest prediction 
error. In contrast, support vector regression exhibits significant overfitting in the testing set, 
highlighting the importance of appropriate model selection. The study demonstrates that XGBoost 
provides reliable predictions for melting response time across the tested parameter space. The 
methodology enables quantitative prediction of melting response time for novel triplex-tube thermal 
energy storage systems. Accurate prediction of melting response time is vital for optimizing thermal 
energy storage systems, which play key roles in addressing temporal mismatch between thermal 
energy demand and supply in built environments. The identified relationships between design 
parameters and response time can guide fin geometry optimization for enhanced thermal 
performance. Feature importance analysis revealed that fin width and heat transfer fluid temperature 
are dominant factors, contributing 51% and 47% to prediction variance, respectively, while fin angle 
has marginal influence at 2%. The study does not extensively explore extrapolation beyond the 15-45 
minute melting response time range or variations in PCM properties substantially different from 
those used in training. Additionally, the transferability of the trained model to different triplex-tube 
configurations or alternative PCM materials requires validation through additional simulations. 
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5.8. Summary and Comparative Analysis of ROMs for PCM-Based LHS Systems 

The reviewed ROMs for PCM-based latent heat storage systems span five major reduction 
philosophies: physics-reduced analytical models, grey-/black-box metamodels, projection-based 
POD models, CFD-results–based look-up tables, and purely data-driven machine learning 
surrogates, each reducing computational cost in fundamentally different ways while retaining 
varying levels of physical fidelity. Analytical and two-temperature porous-medium ROMs simplify 
governing equations through dimensional reduction and thermal resistance analogies, yielding very 
low model order and high interpretability but limited geometric flexibility and validity ranges. Grey-
box ε-NTU and black-box Kriging metamodels remove spatial resolution entirely and rely on training 
from finite-volume data to predict global performance metrics, achieving 18×–220× speed-ups with 
sub-Kelvin errors and strong suitability for system-level simulations. POD-based ROMs compress 
full CFD spatial fields into a few dominant modes, preserving temperature and phase distributions 
with over 300× acceleration and <0.1% error, making them ideal for control and digital twin 
applications but dependent on representative snapshot databases. CFD look-up table ROMs 
precompute detailed capsule physics offline and replace online PDE solving with table interpolation, 
producing extreme speed-ups (~80,000×) at the expense of large upfront CFD cost and geometry 
specificity. In contrast, ANN and XGBoost surrogates learn melting dynamics and response times 
directly from CFD data, enabling ~1,440× acceleration and high statistical accuracy for complex finned 
and triplex-tube geometries, though with limited extrapolation capability and reduced 
interpretability. Collectively, these approaches demonstrate a trade-off between interpretability, 
transferability, data dependence, and computational speed, indicating that ROM selection must be 
aligned with the intended application, whether for design optimization, system simulation, control, 
or geometric exploration. 

Table 1 provides a comparative overview of representative ROMs developed for LHS systems, 
highlighting the diversity of modeling philosophies, physical fidelity, and computational 
performance. The reported ROMs span a wide range of configurations, from packed-bed spherical 
capsule systems modeled using two-temperature non-equilibrium formulations [82] to PCM-
embedded heat exchangers represented by both data-driven kriging metamodels and ε-NTU–based 
semi-analytical approaches [1], as well as fully ML-based reduction models [126,127]. While physics-
based ROMs, such as the two-temperature enthalpy model and 1D thermal resistance networks, 
preserve explicit representations of conduction and latent heat effects, their computational speed-up 
is either limited or not explicitly quantified, and their accuracy may degrade to around 10% in 
composite heat exchanger applications [2]. In contrast, surrogate and interpolation-based ROMs, 
including kriging, POD interpolation, and CFD-derived look-up tables, demonstrate significantly 
higher computational acceleration, with reported speed-ups ranging from 18× up to 80,000×, while 
maintaining acceptable thermal prediction accuracy [1,8,9,126,127]. Notably, POD-based 
interpolation applied to shell-and-tube direct steam generation (DSG) systems achieves sub-percent 
relative mean error with over 300× speed-up [8], while surrogate-assisted optimization of PCM-based 
plate heat exchangers attains more than 90% computational savings in identifying Pareto-optimal 
designs across large geometric design spaces illustrating the potential of projection-based ROMs for 
large-scale solar thermal applications. Overall, the results summarized in Table 2 indicate a 
fundamental trade-off between physical interpretability and computational efficiency: physics-based 
ROMs offer transparency and robustness, whereas data-driven and hybrid ROMs deliver the extreme 
speed-ups required for large-scale design optimization, digital twins, and real-time control of PCM-
based LHS systems. 
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Table 2. Summary of ROMs for LHS systems for the past five years 

ROM Method 
LHS  

Configuration Physics 
Error/ 

Accuracy Speed-up Application 

Two-temperature  
non-equilibrium 

[82] 

Packed bed  
spherical capsules 

Conduction + 
enthalpy method 

2.5 K (max) Not  
reported 

Solar  
thermal  
storage 

Kriging metamodel 
(Black-box) [1] 

PCM-embedded 
HX 

Heat transfer 
(metamodel) 

0.05 K (MAE) 220× 
TES device  

design 

ε-NTU method  
(Grey-box) [1] 

PCM-embedded 
HX 

Heat transfer (ε-
NTU) 0.10 K (MAE) 18× 

TES device  
design 

POD interpolation 
[8] 

Shell-tube DSG-
STP 

Conduction + 
convection + Lee 

model 
<0.1% (RME) 314× 

DSG solar  
thermal power 

1D analytical  
thermal resistance 

[2] 

Metal-polymer  
composite HX 

1D radial 
conduction 

10%  
(validation) 

Not  
reported 

Peak-load  
shifting 

CFD look-up table 
[9] 

Macro-
encapsulated  

spherical 

Conduction + CCM 
+ convection 

5% (energy) 80,000× LHS design 

Artificial Neural  
Network [126] 

PCM Rectangular  
Enclosure 

Enthalpy-porosity 
method 

MAE: 0.02,  
R²: 0.98 

~2,000× 
Finned PCM  

thermal 
storage 

XGBoost [127] Triplex-tube TES Enthalpy-porosity 
method 

92% accuracy Not  
reported 

TES device 
melting 

prediction 

Figure 21 illustrates the wide range of reported computational speed-ups achieved by different 
reduced-order modeling strategies applied to LHS systems, highlighting the strong dependence of 
performance on the underlying ROM paradigm. Surrogate-based and database-driven approaches 
exhibit the most dramatic acceleration, as demonstrated by the CFD look-up table model [9], which 
reduces a two-week transient simulation to approximately 5 seconds, corresponding to an 
extraordinary speed-up of nearly 80,000×. Projection-based ROMs provide a more moderate but still 
substantial improvement: the POD-interpolation model [8] accelerates a high-fidelity shell-and-tube 
DSG simulation from 4 hours to 46 seconds, achieving a speed-up of 314× while maintaining sub-
percent error levels. In contrast, semi-empirical and meta-modeling approaches such as the kriging-
based PCM heat exchanger model [1] deliver more limited acceleration (approximately 18×), 
reflecting the additional overhead associated with regression and response surface evaluation. 
Collectively, Figure X reveals a clear hierarchy in computational efficiency, with data-driven 
surrogates and precomputed databases enabling near real-time evaluation of PCM-based LHS 
systems, whereas projection-based ROMs offer a balanced trade-off between accuracy and 
computational tractability for dynamic simulation and control-oriented applications. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 February 2026 doi:10.20944/preprints202602.1504.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1504.v1
http://creativecommons.org/licenses/by/4.0/


 40 of 52 

 

 

Figure 21. Computational speed-up across ROMs for LHS systems with reported speed-up factors. 

A clear pattern emerges from comparing these approaches: 
• Physics-based ROMs [2,82] reduce dimensionality of the governing equations and offer 

transparency and robustness but limited geometric flexibility. 
• Metamodel and grey/black-box ROMs [1] eliminate spatial resolution and are ideal for system 

coupling and optimization. 
• Projection-based ROMs [8] retain spatial fidelity with significant compression, making them 

attractive for control and digital twins. 
• CFD look-up ROMs [9] trade enormous offline cost for extreme runtime speed. 
• Machine learning ROMs [126,127] bypass physics reduction entirely and learn behavior directly 

from data, enabling rapid prediction for complex geometries. 

These methods also reveal a trade-off between interpretability, transferability, and 
computational speed. Analytical and physics-based models are transferable but slower than ML and 
look-up approaches. ML and look-up ROMs are extremely fast but geometry-specific and dependent 
on training data. POD offers a balance by preserving fields with moderate data needs but suffers 
from extrapolation limits. Figure 22 visualizes the trade-off between interpretability and 
computational speed across ROM categories. Physics-based ROMs offer high interpretability but 
modest speed-up; data-driven surrogates achieve extreme acceleration at the cost of interpretability 
and transferability; projection-based methods occupy a middle ground, preserving spatial fields with 
moderate speed-up. 
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Figure 22. Trade-off between interpretability and computational speed across ROM categories 

From an application standpoint, different ROM philosophies naturally align with specific PCM-
based latent heat storage configurations. In solar thermal packed-bed systems, the two-temperature 
porous medium ROM is particularly suitable because it captures the non-equilibrium heat exchange 
between the heat transfer fluid and encapsulated PCM while maintaining low computational cost 
[82]. For HVAC-integrated PCM heat exchangers, Kriging metamodels and ε-NTU–based grey-box 
ROMs are effective due to their ability to predict global heat exchanger performance metrics without 
resolving spatial fields, making them ideal for system-level building simulations [1]. In solar direct 
steam generation (DSG) systems, especially for control and transient response analysis, POD-based 
ROMs are preferred because they retain spatial temperature and phase information while achieving 
significant model compression and real-time capability [8]. For large macro-encapsulated PCM 
storage tanks, CFD-results–based look-up table ROMs provide an efficient solution by replacing 
online PDE solving with interpolation of precomputed high-fidelity capsule data [9]. In geometrically 
complex configurations such as finned enclosures and triplex-tube heat exchangers, ANN and 
XGBoost surrogates perform well because they learn highly nonlinear melting dynamics directly 
from CFD datasets across varied geometric parameters [126,127]. Meanwhile, for additively 
manufactured composite heat exchangers, simplified analytical one-dimensional ROMs based on 
thermal resistance networks remain attractive due to their transparency, low order, and ease of 
integration into design workflows [2]. 

Overall, the comparative analysis shows that there is no single best ROM for PCM-based LHS. 
The optimal choice depends on whether the goal is design optimization, system simulation, control, 
or geometric exploration. The field is progressively moving toward hybrid approaches where 
physics-based structure is combined with machine learning flexibility, indicating a future direction 
where ROMs retain physical consistency while achieving the extreme computational efficiency 
required for real-time applications. 

Although the studies surveyed above demonstrate promising strategies for reducing 
computational expense in PCM-based LHS systems, they also reveal persistent challenges that 
motivate the future research directions, which are outlined in Section 6. 
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6. Challenges and Future Directions 

Despite the advancements in ROMs for LHS systems, several critical challenges remain, 
highlighting the need for future research on their development and integration. These challenges 
span computational accuracy, model generalization, experimental validation, system integration, 
and the incorporation of emerging technologies. 

6.1. Model Fidelity, Accuracy, and Efficiency Trade-Offs 

A fundamental challenge in ROM development is balancing computational speed with 
simulation accuracy [1]. While ROMs achieve significant speed-ups, maintaining acceptable accuracy 
across operating conditions remains problematic. The trade-off becomes particularly acute for 
nonlinear time-dependent dynamics, where conventional techniques like the Reduced Basis method 
lack efficiency despite rigorous construction [128]. Scalability adds another dimension: large-scale 
LHS systems integrating hundreds of PCM modules require ROMs that remain tractable while 
accounting for geometric complexities such as finned tubes, wavy channels, and conical structures 
[129–133]. Selecting the appropriate reduction strategy—POD, deep autoencoders, or hybrid 
approaches—depends on problem-specific characteristics and is not straightforward. The optimal 
balance between compression and preservation of essential dynamics, particularly for systems with 
complex spatial and temporal variations, remains an open research question [128]. 

6.2. Data Requirements, Quality, and Generalization 

Machine learning-based ROMs require large, comprehensive training datasets, which are often 
unavailable for thermal applications [134]. Generating optimal full-order snapshots is 
computationally intensive, with some CFD simulations lasting weeks [9]. This offline burden creates 
a barrier to robust ROM development, as generating sufficient data for varied operating conditions 
and geometric configurations becomes prohibitively expensive. Furthermore, the interpretability of 
ML-based ROMs remains a concern, particularly in safety-critical applications [134]. Black-box 
models make it difficult to understand underlying physics and build confidence in predictions. 
Generalization beyond training domains poses significant challenges; models trained on specific 
parameter ranges may not perform reliably when extrapolated to new conditions [134]. Ensuring that 
ROMs trained on limited data accurately predict behavior across the full range of real-world 
scenarios requires careful design space selection and sampling techniques [1]. 

6.3. Physics Integration and Multi-Physics Phenomena 

Developing ROMs that accurately capture complex multi-physics phenomena—phase change, 
natural convection, conjugate heat transfer—remains challenging [135]. The modeling community is 
actively addressing complexities associated with multi-phase interactions, aiming to enhance 
simulation accuracy. Boundary condition treatment requires significant attention: most numerical 
models of macro-encapsulated PCM do not include the heat transfer fluid or capsule wall and rarely 
pay special attention to boundary conditions [9]. Determining whether the capsule wall and HTF 
must be included in CFD models for ROM development remains an open question. Few publications 
explicitly indicate the impact of reduced-order PCM heat exchanger modeling on system-level 
accuracy, highlighting the need for more comprehensive studies evaluating ROM performance 
within complete thermal energy storage systems [1]. 

6.4. Validation, Standardization, and Real-World Deployment 

A significant gap exists between numerical ROM development and experimental validation. 
Latent heat TES experiments are difficult, and numerical simulation alone cannot meet engineering 
application needs [8]. More pilot plants for testing PCM integrated with solar-powered thermal 
industrial processes should be performed, as operating conditions fluctuate in time, requiring specific 
studies for charging and discharging cycles [136]. The high costs associated with high-temperature 
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PCM experimentation, both at laboratory and pilot scales, and the difficulty in ensuring identical 
initial conditions across thermal cycles compound this challenge [137]. 

Integration with real-time control systems represents a significant future direction. LHS systems 
coupled with intermittent renewable sources require precise control of charging and discharging 
cycles for optimal performance and grid stability [138–140]. Developing ROMs suitable for model 
predictive control (MPC), where rapid solution of parameterized optimal control problems is 
essential, remains computationally demanding. Ensuring ROM robustness under varying operating 
conditions—fluctuating HTF temperatures and flow rates, material property variations, degradation 
over time—remains a challenge [141]. 

Material characterization over extended operational periods is fundamental. Stability and 
corrosion problems become more serious for inorganic salts and metals at storage temperatures 
above 100°C [142]. Performance degradation due to microstructural or chemical changes after 
multiple cycles affects ROM reliability. Long-term cycling stability tests under different operational 
conditions are needed to understand how material property changes affect ROM predictions [137]. 

Finally, the lack of standardized methodologies for ROM development, testing, and comparison 
hinders progress [134]. The absence of international standard methods for PCM testing creates 
inconsistencies in reported thermophysical and economic characteristics, making reliable ROM 
development difficult [143]. Establishing unified frameworks for ROM validation—including 
standardized test cases and performance metrics—would enable meaningful comparisons between 
different modeling approaches and accelerate best practice development. This standardization 
should extend to reporting requirements, ensuring future publications explicitly document 
computational costs, accuracy metrics, and validation ranges. 

7. Conclusions 

This review has comprehensively examined the landscape of reduced-order modeling (ROM) 
for phase change material (PCM)-based latent heat thermal energy storage (LHS) systems. The 
compelling need for ROMs is rooted in the fundamental computational bottleneck posed by high-
fidelity simulations of nonlinear phase change phenomena, a critical barrier to the design, 
optimization, and real-time management of these technologies. We have detailed a wide array of 
ROM methodologies, from classical physics-intrusive techniques—linear projection-based methods 
(POD, RB) and nonlinear hyper-reduction strategies (DEIM, GNAT)—to contemporary non-
intrusive, data-driven paradigms (DMD, Neural Networks, Autoencoders, GPs). 

The critical synthesis of this review, particularly through the comparative analysis in Section 5.2, 
reveals a core trade-off matrix that must guide a researcher's choice of ROM. Interpretability and 
physical consistency are the strengths of physics-based ROMs (Sections 3.1 & 3.2), making them 
indispensable for applications demanding trust and insight, such as controller design and digital 
twins. Conversely, computational speed and geometric flexibility are the hallmarks of data-driven 
surrogates (Section 3.3), offering unparalleled efficiency for large-scale design optimization and 
system-level simulation. This matrix is further defined by the axis of data dependency and 
generalizability: while machine learning ROMs can achieve astonishing speed-ups (e.g., 80,000×), 
they require extensive, costly training data and often fail to extrapolate, whereas analytical or 
physics-reduced models offer broader robustness within their validity ranges with minimal training. 

The case studies across diverse configurations—packed beds, shell-and-tube, and plate heat 
exchangers—confirm that no single ROM is universally optimal. Instead, the method must be 
matched to the application objective. For rapid parametric exploration of a fixed geometry, a black-
box Kriging model may be ideal. For tracking spatial temperature fields in a controlled storage unit, 
a POD-based ROM is more suitable. For optimizing complex finned geometries, an ANN surrogate 
trained on CFD data provides the necessary speed. 

Despite significant advances, critical challenges persist. The inherent nonlinearity of phase 
change, the dynamics of moving boundaries, and multi-timescale behavior continue to strain 
traditional ROM frameworks. The field grapples with the "curse of dimensionality" in training data 
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acquisition, the limited interpretability of many ML-based ROMs, and a pressing need for rigorous 
experimental validation, especially for high-temperature applications. 

Therefore, the most promising future of ROMs for LHS lies not in the exclusive advancement of 
one paradigm, but in the development of intelligent hybrid approaches. These hybrids seek to marry 
the physical consistency and generalizability of first-principles models with the adaptive efficiency 
and flexibility of machine learning. Examples include physics-informed neural networks (PINNs), 
ML-augmented closure models for POD-Galerkin systems, and symbolic regression to discover 
simplified governing equations from data. Progress also hinges on establishing standardized 
benchmarking protocols, creating robust strategies for uncertainty quantification, and fostering 
closer collaboration between computational modelers and experimentalists to generate the high-
quality validation data essential for the next generation of ROMs. 

By navigating the revealed trade-offs and pursuing these integrated research directions, ROMs 
will solidify their role as an indispensable enabling technology. They are key to accelerating the 
development, optimization, and deployment of efficient, cost-effective latent heat storage solutions, 
ultimately supporting the integration of renewable energy and the transition to a sustainable energy 
future. 

Abbreviations 
The following abbreviations are used in this manuscript: 

ANN – Artificial Neural Network 
BiLR – Biot number based on axial conductance ratio 
CFD – Computational Fluid Dynamics 
CFD-PCM – CFD model including PCM domain only 
CFD-PCM-air-wall – CFD model including PCM, air gap, and capsule wall 
CFD-PCM-air-wall-HTF – CFD model including PCM, air gap, capsule wall, and HTF flow 
DEIM – Discrete Empirical Interpolation Method 
DSG – Direct Steam Generation 
DSG-STP – Direct Steam Generation Solar Thermal Power 
FOM – Full-Order Model 
FVM – Finite Volume Method 
GNAT – Gauss–Newton with Approximated Tensors 
GP – Gaussian Process 
HTF – Heat Transfer Fluid 
HVAC – Heating, Ventilation, and Air Conditioning 
HX – Heat Exchanger 
LHS – Latent Heat Storage 
MAE – Mean Absolute Error 
MAPE – Mean Absolute Percentage Error 
ML – Machine Learning 
MSE – Mean Squared Error 
NTU – Number of Transfer Units 
PCA – Principal Component Analysis 
PCM – Phase Change Material 
PINN – Physics-Informed Neural Network 
POD – Proper Orthogonal Decomposition 
RME – Relative Mean Error 
RF – Random Forest 
ROM – Reduced-Order Model 
SVD – Singular Value Decomposition 
SVR – Support Vector Regression 
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TES – Thermal Energy Storage 
ε-NTU – Effectiveness–Number of Transfer Units method 
XGBoost – Extreme Gradient Boosting 
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