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Abstract: This review explores the transformative role of multiscale modeling in 

advancing fuel cell and electrolyzer technologies, which are essential for achieving 

decarbonized energy systems. By integrating quantum-level reaction mechanisms, 

mesoscale transport phenomena, and macroscopic system dynamics, it establishes 

a cohesive framework for optimizing electrochemical device performance. Key 

theoretical advances are discussed, including hybrid quantum-mechanics/continuum 

approaches that capture ionic interactions at atomic resolution, and machine learning-

enhanced models that accurately predict microstructural evolution. The review 

highlights how AI-driven multiscale simulations simultaneously reduce computational 

demands and enhance predictive power, particularly in assessing material 

degradation and performance thresholds. Importantly, this work bridges the 

traditional divide between electrochemical modeling and data science, paving the 

way for digital twin technologies. By addressing challenges in scale coupling and 

model validation, this study accelerates the path toward commercial development 

of high-efficiency hydrogen technologies. These findings are especially relevant for 

industries pursuing net-zero targets through advanced energy storage solutions, 

providing both methodological innovations and practical guidance for next-

generation fuel cell design. 

 Keywords: fuel cell; electrolyzer; multiscale simulation; machine learning; 

electrochemical interface 

1. Introduction 

Amidst the global push for decarbonization and sustainable energy solutions, hydrogen has emerged as a 

pivotal energy carrier for the future [1,2]. Fuel cells and electrolyzers stand out as cornerstone technologies within 

the burgeoning hydrogen economy [3–5]. Fuel cells, serving as cornerstone devices for zero-emission energy 

conversion, efficiently transform hydrogen’s chemical energy into electricity and play a vital role in decarbonizing 

two critical sectors, i.e., heavy-duty transportation and stationary energy storage. However, achieving these 

performance benchmarks depends on overcoming cross-scale challenges. For instance, the power density of heavy-

duty fuel cells is governed by atomic-scale oxygen reduction reaction (ORR) activity at catalytic sites as well as 

macroscopic reactant distribution within bipolar plate flow channels. At the same time, long-term durability 

requires careful monitoring of mesoscale degradation mechanisms, such as catalyst particle coarsening in 

electrodes. Complementing fuel cells, electrolyzers produce green hydrogen through renewable-powered water 

splitting. Yet their operational efficiency under variable solar and wind energy inputs hinges on the 

https://creativecommons.org/licenses/by/4.0/


Hu et al.   Sustain. Eng. Novit 2025, 1(1), 5  

https://doi.org/10.53941/sen.2025.100005  2 of 25  

synchronization of scale-dependent phenomena, including nanoscale bubble nucleation dynamics at electrode 

surfaces and macroscopic thermal-electrochemical coupling. These intricate cross-scale interactions, where 

atomic-level reactions, mesoscale transport, and macroscopic device design mutually constrain one another, 

highlighting the limitations of traditional single-scale modeling approaches and underscore the necessity of 

multiscale simulation techniques [6–9]. 

The complexity and multi-scale nature of electrochemical systems, including fuel cells and electrolyzers, 

pose significant challenges for their design and optimization. These systems encompass physical and chemical 

phenomena spanning vast ranges of length and time scales, from quantum-level electron transfer events to 

macroscopic device performance. Traditional single-scale modeling approaches are inherently limited in their 

ability to provide a comprehensive understanding of such complex systems. For instance, while macroscopic 

computational fluid dynamics (CFD) models effectively simulate phenomena like reactant transport and 

temperature distribution within flow channels, they fail to capture the key microscopic processes at the 

electrode/electrolyte interface. This limitation prevents them from explaining core questions, such as why slight 

adjustments to macroscopic flow field parameters can drastically alter catalytic efficiency. Conversely, purely 

quantum mechanics (QM) or molecular dynamics (MD) models can accurately calculate microscopic properties 

like reaction energy barriers and interfacial interaction energies. However, their prohibitive computational scale 

prevents them from connecting these insights to device-level macroscopic performance, thus offering limited 

guidance for the structural optimization of practical electrolyzers or fuel cells. 

Hence, the emergence of multiscale modeling as a powerful paradigm that bridges different scales by 

systematically linking models operating at various levels of detail is paramount. Multiscale modeling not only 

facilitates a deeper understanding of the fundamental physics and chemistry governing these systems but also has the 

potential to significantly accelerate material discovery, optimize operational processes, and reduce product 

development time and costs [10–12]. Consequently, adapting and extending multiscale modeling to fuel cells and 

electrolyzers present unique challenges, including the accurate representation of interfaces, the efficient transfer of 

information across scales, and the computational costs associated with high-fidelity simulations [13–16]. This study 

aims to provide a comprehensive review of multiscale modeling methodologies, applications, and future prospects in 

fuel cell and electrolyzer systems. We will explore various modeling techniques employed at microscopic, 

mesoscopic, and macroscopic scales, discussing their strengths and limitations in capturing the intricate processes 

occurring within these electrochemical devices. Furthermore, we will highlight the recent integration of machine 

learning techniques into multiscale modeling frameworks, emphasizing their potential to revolutionize the field by 

accelerating simulations, enabling intelligent design, and uncovering complex relationships. 

Despite the promising advancements, challenges remain, such as balancing model complexity and accuracy 

with computational costs, bridging vast scale gaps, and ensuring robust experimental validation. This review also 

examines these challenges and outlines future research directions to address them. Ultimately, this review aims to 

highlight the indispensable role of multiscale modeling in advancing fuel cell and electrolyzer technologies, 

thereby contributing to the global transition towards a sustainable energy future. The central conclusion 

emphasizes the transformative potential of multiscale modeling with machine learning to improve the performance, 

cost-effectiveness, and durability of these critical energy systems. 

2. A Taxonomy of Multiscale Simulation Methodologies 

Multiscale modeling of electrochemical systems typically involves a hierarchical approach, with distinct 

computational methods tailored to specific length and time scales. These scales are broadly categorized as 

microscopic, mesoscopic, and macroscopic as shown in Figure 1. The following Table 1 provides a consolidated 

overview of these key simulation methods. 

Table 1. Overview of key simulation methods in multiscale modeling of electrochemical systems. 

Scale Method 
Typical Phenomena 

Investigated 
Key Strengths 

Key 

Limitations/Challenges 

Microscopic 

Density Functional 
Theory (DFT) 

Bonding, electronic 
structure, reaction pathways, 

adsorption energies 

High accuracy for ground 
state properties, 

fundamental electronic 

insights 

Computationally expensive 
for large systems, choice of 
functional, van der Waals 

interaction, excited states 

Ab Initio Mol. 
Dynamics (AIMD) 

Dynamic processes at 
interfaces, ion solvation & 

diffusion, H-bonding 

Includes temperature and 
dynamics from first 

principles, explicit solvent 

Very high computational 
cost, limited system size and 

timescale 
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Table 1. Cont. 

Scale Method 
Typical Phenomena 

Investigated 
Key Strengths 

Key 

Limitations/Challenges 

Mesoscopic 

Molecular Dynamics 
(MD) (Classical) 

Ion transport, electrolyte 
structure, interface 

dynamics, nanobubble 
formation 

Larger systems and longer 
times than AIMD, can 

model complex 
fluids/materials 

Accuracy dependent on force 
field quality, 

parameterization can be 
challenging 

Kinetic Monte Carlo 
(kMC) 

Surface reaction kinetics, 
diffusion over long times, 

catalyst aging 

Access to experimental 
timescales, captures 

stochastic events, spatial 
inhomogeneity 

Accuracy dependent on input 
rates (from 

DFT/experiment), lattice 
representation limitations 

Phase-Field Models 
(PFM) 

Microstructure evolution 
(e.g., coarsening, phase 

separation), TPB dynamics 

Can model complex 
morphological changes, no 
explicit interface tracking 

Parameterization can be 
difficult, computationally 

intensive for 3D and 

complex physics 

Macroscopic 

Continuum Models 
(PDEs) 

Mass, charge, heat transport; 
current, potential, temp. 

distributions 

Device-level predictions, 
couples multiple physical 

phenomena 

Simplifies atomic/molecular 
details, relies on effective 

parameters, interface models 

Comp. Fluid 
Dynamics (CFD) 

Fluid flow in 
channels/porous media, 

thermal management, species 
distribution 

Optimizes flow field 
design, predicts pressure 

drop, heat/mass transfer 

Turbulence modeling, 
coupling with 

electrochemistry, 

computational cost for 
complex geometries 

Finite Element 

Method (FEM) (e.g., 
COMSOL) 

Solves coupled PDEs for 
multiphysics problems 

Versatile for complex 
geometries & physics, 

widely available 
commercial tools 

Mesh generation and quality, 

solver convergence, model 
setup complexity 

 

Figure 1. Different-scale simulation methods from microscopic to macroscopic [17–21]. Ref. 17: Copyright 2022, 

MDPI; Ref. 18: Copyright 2019, ACS; Ref. 19: Copyright 2012, AIP Publishing; Ref. 20: Copyright 2023, 

https://www.comsol.com/blogs/; Ref. 21: Copyright 2020, MDPI. 

2.1. Microscopic Scale 

The microscale focuses on the basic electronic and atomic-level processes of electrochemical phenomena. 

DFT is a key technology in this field, used to study chemical bonding, electronic structure, adsorption and 

desorption of catalyst surface species, as well as basic reaction steps and energy barriers [22–39]. For instance, 

DFT can determine the ionization state of the electrocatalyst layer (ECL) and optimize its electronic properties to 

enhance activity or stability [22]. 
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Ab initio molecular dynamics (AIMD) introduces the motion of atomic nuclei on the basis of DFT, 

simulating dynamic processes at finite temperatures, such as ion diffusion, interface reconstruction and solvent-

molecule interactions. AIMD can accurately simulate charged interfaces, such as the Pt(111)-Had/water interface, 

revealing details including the electro-double layer (EDL) structure, adsorbate distribution and water molecule 

arrangement [25]. 

Although DFT and AIMD are powerful, the computational cost is high, limiting the system scale and 

simulation time. This has prompted the development of multi-scale coupling strategies to transfer DFT parameters 

to low-cost methods and promote the development of machine learning potentials. The accuracy of DFT depends 

on the selection of exchange-correlation functional, and no single functional performs uniformly well across all 

chemical systems or for all properties. 

There are popular functionals widely employed in chemistry and material simulation, such as PBE, RPBE, 

and B3LYP. PBE (Perdew–Burke–Ernzerhof) functional is among the most widely used exchange-correlation 

functionals in electrocatalytic simulations. It effectively captures the electronic delocalization in transition metal 

(e.g., Pt, Ni) and provides reasonable predictions of adsorption energies for small molecules such as H2 and O2, as 

well as key reaction intermediates like *OH and *OOH on metal surfaces. It is well-suited for high-throughput 

screening of large-scale systems, including transition metal alloys and oxides. However, PBE suffers from several 

limitations. For instance, it overestimates the electron delocalization and underestimates van der Waals (vdW) 

interactions, leading to inaccuracies in simulating the band gap, weakly adsorbed species (e.g., H2O on carbon 

supports) and layered materials like MoS2. It tends to over-bind strongly adsorbed intermediates, which can result 

in overestimated reaction energy barriers compared to experimental values. Moreover, the spin state is also poorly 

described. The revised PBE (RPBE) functional addresses part of these issues by modifying the gradient correction 

term in PBE, thereby mitigating the over-binding of adsorbates and making it more reliable for hydrogen-involving 

reactions like the hydrogen evolution reaction (HER) and hydrogen oxidation reaction (HOR). Nevertheless, 

RPBE still lacks an appropriate description of vdW interactions and remains unsuitable for systems dominated by 

weak intermolecular forces. In addition, B3LYP (Becke, 3-parameter, Lee-Yang-Parr) and HSE (Heyd-Scuseria-

Ernzerhof) are frequently used hybrid functionals in modeling, particularly valued for its accuracy in 

characterizing local electronic structures. It performs well in simulating processes involving bond 

breaking/formation, such as water dissociation, and in modeling the electronic properties. However, the high 

computational cost restricts its application to molecular or small periodic systems [24,26,40]. 

This highlights the challenge of applying DFT to complex electrochemical interfaces, where standard 

benchmarks may fall short, necessitating trial and error, validation, and sometimes the cherry-pick of functionals 

tailored to specific environments. 

2.2. Mesoscopic Scale 

The mesoscopic scale acts as a crucial bridge, linking the atomic-level detail provided by microscopic 

simulations to the bulk behavior described by macroscopic continuum models. Several computational techniques 

are employed at this intermediate scale: 

Classical and Coarse-Grained Molecular Dynamics (MD): Classical molecular dynamics (CMD) 

simulations model atomic/molecular interactions using empirical force fields, enabling studies of ion/molecule 

transport in electrolytes/polymer membranes [41–47], electrode-electrolyte interface dynamics (including solvent 

arrangements) [48–56], and material degradation mechanisms [57–60]. Coarse-grained MD (CGMD) extends 

simulations to larger scales by representing atom groups as “beads”, successfully applied to phenomena like 

nanobubble nucleation in water electrolysis [18,60–63]. Though sometimes classified as microscopic (especially 

when force fields originate from DFT), empirical MD’s application to systems with tens of thousands to millions 

of atoms (nanosecond to microsecond timescales) places it primarily in the mesoscopic domain. The force field 

parameters, derived from quantum calculations or experimental data, critically determine the simulation’s accuracy. 

Limitations in these parameters can propagate errors to macro-scale conclusions [59]. 

Kinetic Monte Carlo (kMC): Kinetic Monte Carlo (kMC) is a stochastic method simulating system 

evolution through discrete-event probabilities (adsorption, diffusion, reactions), with rate coefficients derived from 

DFT or experiments [64–68]. It excels in studying long-timescale phenomena (ion transport, catalyst evolution) 

beyond CMD/AIMD limits, enabling applications like CO2 reduction on copper and SOFC cathode analysis. 

Unlike static models, kMC captures spatial inhomogeneities and morphology changes, critical for analyzing 

localized degradation in fuel cells (e.g., nickel coarsening in SOFC anodes) [64]. 

Phase-Field Models (PFM): PFM is a continuum-based approach that uses a set of continuous field variables 

(order parameters) to describe the evolution of complex microstructures and morphologies, such as those arising 
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from phase transformations, grain growth, and particle coarsening in electrode materials [19,69–79]. In SOFCs, 

for example, PFM can simulate the evolution of the three-phase microstructure (electrode material, electrolyte 

material, and pore phase), predicting how processes like Ni particle coarsening in anodes affect the distribution of 

TPBs and, consequently, the electrode’s electrochemical performance and long-term degradation [19]. PFM can 

also be applied to model the evolution of defect structures within materials [69]. The ability of PFM to model such 

complex microstructural changes is crucial for understanding and mitigating degradation, a major barrier to the 

commercialization of fuel cell and electrolyzer technologies [80–82]. 

Mesoscopic models are also employed to simulate transport processes within the complex porous 

architectures of catalyst layers. These models can describe gas diffusion, liquid water distribution in polymer 

electrolyte membrane (PEM) systems, and reactant/product transport, thereby revealing how the intricate 

microstructure of these layers impacts overall device performance. 

2.3. Macroscopic Scale 

The macroscopic scale addresses the overall behavior of the electrochemical device, integrating information 

from smaller scales into continuum descriptions that predict system-level performance. Key methods include: 

Continuum Models: The modeling of electrochemical devices employs partial differential equation systems 

(such as the Nernst-Planck equation, Poisson equation, and conservation equation) to simulate the coupled multi-

physics transport processes, enabling the prediction of gas distribution, temperature fields, current density, and 

material concentrations [83–88]. The scale ranges from the nanoscale (porous electrodes) to the macroscopic 

device level. The improved version of Poisson-Nernst-Planck (PNP) equation, like the Generalized Modified 

Poisson-Nernst-Planck (GMPNP) formalism, enhances the simulation accuracy in high-concentration 

electrochemical regions by incorporating the finite ion size effect [86,89–93]. However, the simplification of the 

continuum model for the double-layer molecular structure and interface dynamics leads to deviations in its 

prediction results from molecular dynamics simulations. This can lead to inaccurate predictions of local reaction 

rates and transport behavior, thereby impacting the reliability of device-level performance evaluation. To address 

this, improved boundary conditions or sub-grid models informed by molecular-level information are needed in 

continuum simulations [94]. 

COMSOL Multiphysics and Finite Element Methods (FEM): Commercial software packages like 

COMSOL Multiphysics are widely used to implement FEM-based macroscopic models for fuel cells and 

electrolyzers [20,95–98]. These platforms facilitate the coupling of various physical phenomena, including mass 

transport, fluid flow, ionic and electronic current balance, electrochemical reactions, and heat transfer [20]. Such 

tools enable engineers to investigate the impact of numerous design parameters and operating conditions on overall 

cell and stack performance [20,98]. 

Computational Fluid Dynamics (CFD): CFD specifically focuses on simulating fluid flow, heat transfer, 

and mass transfer within electrochemical devices, governed by the fundamental conservation equations [99–107]. 

CFD is crucial for optimizing the design of flow fields in bipolar plates, managing thermal gradients across cells 

and stacks, ensuring uniform reactant distribution to active sites, and facilitating effective water removal in proton 

exchange membrane fuel cells (PEMFCs) or product gas removal in electrolyzers [99]. CFD analyses can reveal 

the effects of electrode porosity, manifold design, gas diffusion layer (GDL) properties, and channel geometry on 

performance, uniformity, and pressure drop [107]. A common issue highlighted in the application of CFD tools, 

particularly for SOFCs and SOECs, is the need to fit electrochemical parameters—such as those in the Butler-Volmer 

equations [106]. This reliance on fitting to experimental data indicates a current gap in achieving truly first-principles-

driven multiscale modeling, where parameters would ideally be passed directly from lower-scale simulations. 

2.4. Weaving the Scales Together: Coupling Strategies 

The essence of multiscale modeling lies in the effective linkage of simulations performed at different scales, 

allowing information to flow between them to construct a comprehensive picture of the system. Two primary 

coupling strategies are employed: sequential and concurrent coupling. 

Sequential Coupling (Hierarchical or Parameter-Passing): In this approach, information typically flows 

from smaller, more fundamental scales to larger, more phenomenological scales [21,108–115]. For instance, DFT 

calculations might be performed to determine reaction energies, activation barriers, or diffusion coefficients. These 

DFT-derived parameters are then used to parameterize empirical force fields for classical MD simulations or to 

define the rates of elementary events in kMC simulations. Subsequently, results from these mesoscale simulations, 

such as effective transport properties (e.g., ionic conductivity, gas diffusivity through a porous layer) or 

homogenized reaction rates, can be fed as input into macroscopic continuum models that describe the behavior of 
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the entire cell or stack. First-principles computations are noted for their ability to provide accurate parameters for 

CMD or mean-field methods, which can then handle much larger and more complex systems [116]. Sequential 

coupling is generally less computationally demanding than concurrent approaches because the different scale 

models are run independently or in a one-way sequence. However, this strategy inherently assumes a clear 

separation of scales and may not adequately capture dynamic feedback mechanisms where processes at a larger 

scale can influence behavior at a smaller scale in real-time [21]. 

Concurrent Coupling (Simultaneous or Handshaking): This strategy involves running models for 

multiple scales simultaneously, with dynamic exchange of information occurring at the interfaces or overlapping 

domains between these models [110,111,117–122]. Concurrent coupling is more computationally intensive but is 

essential when there are strong coupling and feedback between phenomena at different scales, and a clear 

separation is not physically justifiable [21]. The preference for concurrent coupling arises particularly when the 

information required by one scale model is a complex function of many variables that are actively evolving in 

another scale model. This is often the case for highly intricate electrochemical interfaces where local atomic 

configurations, solvent structure, electric fields, and surface charges are strongly interdependent and fluctuate rapidly; 

under such conditions, sequential coupling might prove insufficient to capture the true system dynamics [119]. A 

well-established example of concurrent coupling is the Quantum Mechanics/Molecular Mechanics (QM/MM) 

method [123–132]. In QM/MM, a small, chemically active region of the system (e.g., the site of a catalytic reaction, 

a bond-breaking event) is treated with a high-accuracy QM method (like DFT), while the larger surrounding 

environment (e.g., solvent molecules, protein matrix, bulk electrode) is modeled using a computationally less 

expensive classical force field [127,128]. This hybrid approach aims to balance QM accuracy for the critical 

reactive part with MM efficiency for the environment, making it suitable for studying enzymatic reactions, 

reactions in complex solvents, or processes at interfaces [129]. 

Although Computer-Aided Drug Discovery is a mature field in pharmaceutical research, leveraging 

computational tools to accelerate drug discovery, its direct translation to “Computer-Aided Materials Discovery” 

for fuel cells and electrolyzers is more of an aspirational analogy. It signifies the desire for integrated, multi-tool 

computational workflows for materials design and discovery in electrochemistry. This likely refers to iterative 

design loops where different simulation tools (potentially spanning multiple scales) inform each other to optimize 

material compositions, catalyst structures, or electrode architectures for desired electrochemical functionalities. 

This points towards a future direction of more holistic “Computer-Aided Materials Engineering” platforms [133]. 

The choice of coupling strategy is a critical decision in any multiscale modeling endeavor, dictated by the 

specific physics of the problem being addressed, the degree of interaction between phenomena at different scales, 

and the available computational resources. Table 2 provides a comparison of these coupling strategies. 

Table 2. Comparison of coupling strategies in multiscale modeling. 

Strategy Description 

Information 

Transfer 

Mechanism 

Key Examples in 

Electrochemistry 
Advantages 

Disadvantages & 

Computational 

Considerations 

Sequential 
(Hierarchical) 

Models at different 

scales are run in 
sequence; output 
from one scale is 
input to the next. 

Parameter passing 
(e.g., rate constants, 

transport coefficients, 
potentials). 

DFT → MD (force 

field param.), DFT 
→ kMC (rates), 
Meso → Macro 

(eff. props.) 

Computationally 

less expensive, 
conceptually 

simpler to 
implement. 

Assumes scale 

separation, no 
dynamic feedback 

between scales, error 
propagation. 

Concurrent 
(Simultaneous) 

Models at different 
scales are run 

simultaneously, 
exchanging data 

dynamically. 

Direct data exchange 
at 

interfaces/boundaries, 
shared variables. 

QM/MM for 
catalysis/solvation, 

adaptive mesh 

refinement in CFD, 
coupled particle-

continuum 
methods. 

Captures strong 
coupling and 

feedback between 

scales, more 
physically 

realistic for some 
systems. 

Computationally very 
expensive, complex 
to implement and 

manage interfaces, 
numerical stability 

challenges. 

3. Multiscale Modeling in Action: Fuel Cell and Electrolyzer Systems 

The theoretical framework of multiscale modeling finds concrete application in addressing specific 

challenges and advancing the understanding of fuel cell and electrolyzer components and processes. From 

elucidating fundamental catalyst mechanisms to predicting full-device performance, these methods provide 

indispensable tools. 
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3.1. Unveiling Catalyst Mechanisms at the Microscale 

The core of efficient fuel cells and electrolyzers lies in catalysts with high activity and stability. First-

principles DFT calculations play a crucial role in analyzing the complex mechanisms occurring on the catalyst 

surface at the atomic and electronic levels. These calculations enable researchers to study the adsorption behavior 

of reactant molecules (such as H2, O2, H2O, CO2) and reaction intermediates on various catalyst materials 

(including traditional platinum group metals and emerging non-precious metal catalysts). DFT can determine the 

most favorable reaction pathways and calculate the activation energy barriers for each basic step in key electrode 

reactions (such as ORR and HER in fuel cells, OER and HOR in fuel cells) [17,134–151]. 

Thousands of related studies have been published. Here, we select two representative works for a brief introduction. 

As shown in Figure 2a, Zhou et al. focused on the origin of the activity of Fe-N-C catalysts in the ORR [138]. Through 

DFT combined with experiments, the FeN4C structure with pyrrole nitrogen (rather than pyridine nitrogen) 

coordination exhibited the highest ORR activity in acidic media, with its peak potential (0.91 V/RHE) highly 

consistent with the experimental value (0.89–0.90 V). In alkaline media, the central Fe atom was transformed into 

O-FeN4C and OH-FeN4C active species through axial adsorption of reaction intermediates through the axial 

adsorption reaction, clarifying the main cause of the high activity of Fe-N-C catalysts under alkaline conditions. 

This work systematically studied 13 different coordination configurations of Fe-N-C catalysts, combined with the 

effects of solvation, pH value and potential dynamics, achieving the precise reduction of electrochemical 

experimental results. 

 

Figure 2. (a) Optimized reaction models during ORR catalyzed by pyridinic FeN4C at zero excess charges, 

pyridinic FeN4C slab, *OOH, *O, and *OH. C, gray; N, blue; O, red; H, white; and Fe, brown [138]. Copyright 2022, 

ACS; (b) The dissociation of chemisorbed water is the primary route for OH* adsorption at low pH condition [139]. 

Copyright 2022, Elsevier. 

Le et al. [139] investigated the influence of electrolyte pH on the adsorption/desorption process of OH* on 

the Pt(111) surface by combining AIMD and free energy perturbation (FEP) methods. It was found that at low pH 

conditions (pH < 4.3), OH* mainly forms through the dissociation of adsorbed water by chemical adsorption 

(H2O* → OH* + H+ + e−), and the initial potential shifts negatively with increasing pH, which is consistent with 

the experimental cyclic voltammogram. At high pH conditions (pH > 5.6), OH- oxidation (OH− →OH*+e−) 

becomes the dominant pathway due to the reduced coverage of chemically adsorbed water (<0.1 ML). The pH 
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dependence is attributed to the changes in the local hydrogen bond network. At low pH, the virtual H of chemically 

adsorbed water forms more hydrogen bonds with surrounding water molecules (Ndonor type), resulting in an 

increased dissociation energy (0.81 eV, pH = −2.4). At high pH, the hydrogen bond reorganization (Nacceptor/NH-H 

type) reduces the dissociation energy (0.41 eV, pH = 4.6), while the contributions of interface electric field and 

conformational changes are relatively small (approximately 0.1 eV in total). This work provides a theoretical basis 

for optimizing the pH of electrolyte to enhance the reactivity of reactions such as ORR. 

3.2. Probing Mesoscale Phenomena: Interfaces, Transport, and Microstructures 

Bridging the gap between atomic-level details and macroscopic device behavior, mesoscale simulations 

investigate phenomena occurring at the scale of nanometers to micrometers over microseconds or longer. These 

methods are crucial for understanding how interfacial dynamics, ion and molecule transport, and material 

microstructure evolution influence overall performance and durability. 

The water molecule arrangement and charge distribution at the electrode/electrolyte interface can be 

presented through MD simulation, revealing the interface structural characteristics during the electrocatalytic 

process [134,152–158]. Molinero et al. focused on the nucleation mechanism and steady-state characteristics of 

nano-bubbles in electrochemical reactions as shown in Figure 3a [18]. By combining CMD simulation with an 

electrochemical gas generation algorithm, they simulated the gas generation process on the electrode and 

successfully reproduced the experimental results of bubble nucleation and stability on platinum nano-electrodes 

as shown in Figure 3b. The study revealed that surface nano-bubbles must form through heterogeneous nucleation 

mechanisms and clarified the nucleation conditions on the electrode surface or single-layer micro-plane. 

Additionally, they also explored how the size and shape of nano-bubbles change with the reaction driving force, 

and found that although the residual current is independent of the driving force, the size and contact angle of the 

steady-state nano-bubbles increase with the increase in the driving force. This research provides molecular-level 

insights into the dynamic behavior of nano-bubbles in electrochemical processes, which is helpful for optimizing 

electrocatalytic efficiency. 

 

Figure 3. (a) Snapshots of the three different stages in the formation of a surface nanobubble [18]. Copyright 2019, 

ACS; (b) Evolution of the number of gas molecules with time. The dashed line represents the total number NG of 

gas molecules in the simulation cell, while the continuous line shows the number NB of gas molecules in the 

nanobubble, defined as the largest gas cluster. Red, blue, and green indicate the induction, nucleation and growth, and 

stationary states, respectively [18]. Copyright 2019, ACS; (c) Current density varies with the content of Nafion [159]. 

Copyright 2024, ACS; (d) Temporal microstructural evolution in a three-phase SOFC electrode system. The 
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electrode-α-phase, electrolyte-β-phase, and pore-γ-phase are represented in red, yellow, and transparent (with 

volume fraction 30%, 30%, and 40%, respectively) [19]. Copyright 2012, AIP Publishing. 

Through coarse-grained MD or kinetic Monte Carlo, the diffusion behavior of ions in the proton exchange 

membrane can be simulated, and the influence of mass transfer limitations on the performance of fuel cells can be 

analyzed [159–163]. Zhang et al. combined experimental measurement with MD+MC simulation to reveal the 

mechanism of the influence of Nafion content on the performance of PEMFCs from the perspective of TPB, providing 

a molecular-level theoretical basis for optimizing the catalytic layer structure as shown in Figure 3c [159]. This work 

reported that when the Nafion content was 1.415 mg/m2, the Nafion coverage on the surface of Pt particles and 

carbon carriers reached saturation (42.1% and 32.7% respectively), but too low Nafion content led to discontinuous 

proton conduction paths in the TPB region, resulting in an increase in ohmic loss. While too high Nafion content 

would block the gas transmission channels. Therefore, to achieve the optimal performance of PEMFCs, the 

appropriate content of Nafion must be precisely controlled. Wang et al. used two-dimensional infrared 

spectroscopy and semiclassical simulation to study how water molecules arrange into continuous solvation shells and 

explained how this structure affects the kinetics of bromide ion transport in polybutadiene-based materials [163]. It 

was found that water molecules form continuous solvation shells within the membrane. When the reorientation 

rate of water molecules in the second solvation shell is faster, a stronger hydrogen bond network is constructed, 

significantly improving the ion transmission efficiency; rapid water molecule rearrangement promotes ion jump 

transmission, explaining the high conductivity source of halide ions (such as Br−) in AEM. The dynamic coupling 

mechanism of ion transmission in polymer electrolytes was revealed, solving the problem of difficult balance 

between ion conductivity and mechanical strength in traditional materials. 

The phase field model (PFM) is used to simulate the evolution of the microstructure of complex materials, 

such as the porous electrode structures found in SOFC and other electrochemical devices. [19,69–81,164] For 

instance, Li et al. studied the influence of the three-phase (electrode phase, electrolyte phase, and pore phase) 

interactions on the performance of SOFC electrodes, proposing a phase field model based on the diffusion interface 

theory as shown in Figure 3d [19]. They combined the conserved composition order parameter with the non-

conserved grain orientation order parameter, simultaneously describing the coupled dynamic process of phase 

coarsening and grain growth. The simulation results showed that the microscopic morphology of the electrode 

(such as grain size and pore distribution) significantly depends on the dynamic parameters (such as interfacial 

energy, diffusion coefficient) and the volume fraction of the three phases. For example, when the electrolyte 

volume fraction increased from 10% to 30%, the dispersion of the electrode particles decreased, but the length of 

the TPB increased, optimizing the electrocatalytic activity. In the early evolution stage, the TPB fraction 

significantly decreased due to phase separation, and the volume fraction balance was required to optimize the 

performance and stability. This research provides a theoretical tool for the microstructure design and performance 

optimization of SOFC electrodes, reveals the key mechanism of long-term material degradation, and offers new 

ideas for the development of efficient and durable electrode [77]. 

3.3. Predicting Macroscopic Performance and Optimizing Design 

Macroscopic models provide the crucial link between fundamental understanding derived from smaller scales 

and the overall performance and engineering design of full electrochemical cells and stacks [83,84,94,165]. These 

models typically involve solving systems of coupled partial differential equations (PDEs) that describe transport 

phenomena and electrochemical reactions at the device level. Take SOFC as an example, the SOFC system consists 

of components such as the cell, fuel processor, and heat exchanger. Thermodynamic synergy needs to be achieved 

through a macroscopic model. The macroscopic model can incorporate the research results at the mesoscopic scale 

(such as the microstructure of the electrode) into the system-level simulation. Parameters calculated by the 

mesoscopic model, such as pore curvature and the length of the TPB, can be input into the macroscopic model to 

predict the performance of the cell. This multi-scale coupling solves the problems at the mesoscopic scale, such 

as the influence of electrode morphology evolution on mass transfer, and provides a theoretical basis for 

macroscopic design as shown in Figure 4a [165]. 

Continuum and FEM models are widely used to simulate the distributions of gas flow, temperature, current 

density, and species concentrations within various components of fuel cells and electrolyzers [83–88,95–98]. 

These simulations are essential for predicting overall cell voltage, power output, efficiency, and for managing 

critical operational aspects like water transport in PEM fuel cells or thermal gradients in high-temperature SOFCs. 

By evaluating system performance under diverse operating conditions (e.g., varying load, temperature, reactant 

flow rates) and for different geometric designs, these models serve as powerful tools for optimization. Johnson et 

al. compared the continuum model with MD simulation to reveal the differences in the EDL structure during 
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electrochemical CO2 reduction as shown in Figure 4b [86]. They employed the GMPNP equation as the continuum 

model, which incorporates ion size effects (steric effects) to limit the concentration of cations on the electrode 

surface and predicts that CO2 would be excluded from the vicinity of the cathode due to steric hindrance. However, 

the MD simulation showed that there were two layers of cation adsorption on the Ag electrode surface (with partial 

dehydration in the inner layer and complete hydration in the outer layer), and the CO2 concentration at the electrode 

interface increased due to surface interactions, contrary to the prediction of the continuum model. Additionally, 

the EDL capacitance calculated by MD (7–9 μF/cm2) was not affected by electrolyte concentration, cation type, 

or potential, while the continuum model overestimated the capacitance by ignoring molecular-scale phenomena 

(such as water molecule polarization oscillations). The study pointed out that the continuum model is effective at 

the macroscopic scale but needs to incorporate atomic-level details for improvement, such as considering EDL or 

dilute solution theory. It established a theoretical foundation for refining multiscale models through direct 

comparisons, enabling more accurate simulations of electrochemical CO2 reduction systems [86]. 

 

Figure 4. (a) Relationship between research objects, research scale, and modeling methods for SOFCs [165]. 

Copyright 2025, ACS; (b) Comparison of EDL calculated by CMD and Continuum model with steric effects [86]. 

Copyright 2024, ACS. 

CFD serves as the core tool for macroscopic modeling, playing a crucial role in the design of fuel cell flow 

fields, thermal management, and optimization of reactant distribution [99–108]. By quantifying the coupling 

effects of configurations such as serpentine and parallel flow channels with electrode porosity and gas diffusion 

layer characteristics, CFD can accurately predict the influence of key parameters such as pressure drop and flow 

uniformity on cell performance. This macroscopic modeling approach can reveal complex phenomena that are 

difficult to capture through traditional experiments, such as local “hot spots” caused by uneven flow fields or 

regions with insufficient reactants [95]. These hidden defects can lead to accelerated material degradation and 

significantly shorten the cell lifespan. Commercial software such as COMSOL Multiphysics provides an integrated 

platform for such multi-physics simulations, enabling engineers to systematically study the interaction between 

design parameters such as flow channel size and electrode conductivity and operating conditions such as gas 

composition and flow rate, thereby optimizing the overall performance of the battery stack [98]. However, it is 

important to note that the reliability of the macroscopic model highly depends on the accuracy of the underlying 
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sub-models, including parameters such as Butler-Wolfe equations in electrochemical kinetics and effective 

diffusion coefficients in porous medium transport processes. If these fundamental parameters are derived from 

inaccurate low-scale simulations or extrapolations from limited experimental data, it will lead to macroscopic 

prediction deviations, not only affecting the optimization effect of the design, but also potentially causing the 

actual device performance to be far below expectations [97,98]. Therefore, establishing a cross-scale verification 

mechanism to ensure the accuracy of parameter transfer from microscopic properties to macroscopic behavior is 

the key to improving the practicality of CFD modeling. 

The performance of electrochemical devices is highly dependent on the distribution and transport of ions 

within complex pore structures, as well as the EDL formation. However, traditional experimental and simulation 

methods face significant challenges in capturing the multiscale phenomena spanning from nanoscale EDL 

formation to macroscopic device performance. There exists a substantial gap, up to five orders of magnitude, 

between the time scales of ion distribution equilibrium at porous electrode surfaces observed experimentally and 

those predicted by micro-/mesoscale simulations. Recently, Lian et al. developed a physics-based modelling 

approach, proposing a “stack-electrode model” in which porous electrodes are represented as a series of parallel, 

permeable electrode sheets with spacing simulating the pore size [166]. This model employs the PNP equations to 

describe ion transport and shows strong agreement with equivalent circuit models at low applied potentials, 

reflecting the slow charging behavior resulting from the high surface area of porous electrodes. At high potentials, 

the charging dynamics exhibit two-time scales: an initial charge relaxation and a slower process controlled by ion 

diffusion. Notably, when the pore size is comparable to the Debye length, these two-time scales converge, 

consistent with the observed behavior of porous electrodes. Validated using experimental parameters (such as 

carbon electrode thickness, pore size, and electrolyte concentration), the model predicts electrochemical time 

scales within the same order of magnitude as experimental values, successfully bridging the gap between theory 

and experiment. Further application of the stack-electrode model to cyclic voltammetry (CV) simulations 

established a quantitative relationship between CV response and microstructural parameters [167]. At high 

potentials, CV curves exhibit strong scan rate dependence. Pore size distribution significantly influences the CV 

response. Non-uniform distribution leads to deviations in estimated effective pore size and relaxation time, 

underscoring the necessity of accounting for the complex structure of real porous electrodes in the model. With 

few fitting parameters, the model can reproduce experimental CV curves across a wide range of scan rates, 

providing a novel approach for the quantitative characterization of porous electrodes. 

3.4. Analysis of Multiscale Modeling Needs for Other Typical Electrochemical Devices 

In addition to the SOFC and PEMFC systems, which have been extensively discussed as representative 

systems, solid oxide electrolysis cells (SOEC), anion exchange membrane electrolyzers (AEM electrolyzers), and 

reversible fuel cells (RFC) are also important electrochemical devices. However, their working principles differ 

significantly. Understanding these differences is critical for ensuring the reliability of model construction. Below 

is a concise comparison of the core multiscale modeling requirements for these systems. 

Solid-Oxide Electrolysis Cells (SOEC): As the reverse process of SOFC, SOEC operates under high-

temperature electrolysis conditions (600–800 °C) to produce hydrogen/oxygen. Its multiscale modeling needs 

focus on oxygen ion transport and electrode degradation in reducing atmospheres [19,86]. At the microscopic scale, 

DFT/AIMD is required to calculate the activation energy barriers for the OER path on cathodes and oxygen 

vacancy diffusion in electrolytes, which differs from SOFC’s emphasis on the ORR path. At the mesoscopic scale, 

phase-field models (PFM) are more critical for simulating anode particle coarsening under reducing conditions (an 

issue more pronounced in SOEC than in SOFC) and its impact on triple-phase boundary (TPB) length [77]. At the 

macroscopic scale, CFD models need to couple thermal gradients with electrolysis kinetics (e.g., Butler-Volmer 

parameters for OER), rather than focusing on fuel oxidation as in SOFC. 

AEM Electrolyzers: These low-temperature devices (25–80 °C) rely on OH- conduction in anion-exchange 

membranes, with their multiscale modeling requires primarily centered on anion transport efficiency and membrane 

stability [41,163]. At the microscopic scale, DFT simulations prioritize studying OH− adsorption/desorption processes 

on non-precious metal catalysts (e.g., M-N-C) and the influence of cations (e.g., K+) on water structure, which differs 

from PEMFC’s focus on H+ transport. At the mesoscopic scale, CMD and CGMD are crucial for simulating OH− 

migration in AEMs (e.g., polybenzimidazole-based membranes) and the dynamic formation of water channels, which 

directly determines ionic conductivity. At the macroscopic scale, CFD models need to optimize alkaline electrolyte 

flow (to mitigate AEM swelling) and avoid local pH gradients. These challenges are less prominent in PEMFC. 

Reversible Fuel Cells (RFC): RFCs switch between fuel cell (power generation) and electrolysis (hydrogen 

production) modes, requiring multiscale models to handle dynamic cross-mode coupling [165]. At the microscopic 
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scale, DFT must simultaneously predict the energy barriers for ORR (fuel cell mode) and OER (electrolysis mode) 

on bifunctional catalysts (e.g., Pt-Ir alloys), a dual requirement not needed for single-mode devices. At the 

mesoscopic scale, kMC simulations need to capture the reconstruction of catalyst active sites during mode 

switching (e.g., oxide formation/dissolution on Ir surfaces). At the macroscopic scale, FEM models must couple 

transient mass/charge transport with dynamic electrochemical reactions. For example, by adjusting flow field 

parameters to avoid water flooding in fuel cell mode and electrolyte depletion in electrolysis mode. 

3.5. Synergistic Multiscale Integration 

The core of multi-scale modeling lies in the collaborative integration of cross-scale simulations [168–172]. 

Through the information exchange and verification among models at different levels, a comprehensive 

understanding of the device behavior from fundamental principles to macroscopic performance can be achieved. 

A typical approach is to use the results of high-precision microscopic simulations (such as DFT calculations for 

catalytic activity parameters) as inputs for mesoscopic and macroscopic models [170,172–177]. For example, 

mesoscopic transport simulations can output effective reaction rates or transport coefficients, which can then be 

further used to predict the overall performance of fuel cells/electrolyzers. The analysis of atomic-level interface 

reaction mechanisms (such as charge transfer steps) provides physically clear parameters for macroscopic 

continuum models (such as the Butler-Volmer equation). Typical cases include the coupling study of micro-

mechanics simulation with two-dimensional continuum models for electrochemical CO2 reduction, or the 

combination of macroscopic device models with mesoscopic seepage theory for analyzing the electrode 

connectivity of SOEC [168]. However, there are challenges in cross-scale information transmission: the 

assumptions of upscaling (such as averaging of atomic properties) and downscaling (such as defining the 

microenvironment based on macroscopic conditions) need to be rigorously verified; otherwise, errors may be 

introduced [174]. Moreover, successful integration requires iterative feedback. The abnormal phenomena 

discovered by the macroscopic model (such as hotspots in current density) may drive the optimization of the low-

scale simulation, thereby revealing the local mechanisms (such as changes in material properties). This iterative 

cycle of cross-scale mutual confirmation is a key strategy for constructing complex electrochemical systems and 

achieving accurate and comprehensive understanding. Table 3 provides illustrative examples of how multiscale 

modeling is applied to various components and processes within fuel cells and electrolyzers [168–177]. 

Table 3. Illustrative applications of multiscale modeling in fuel cell and electrolyzer components [168–177]. 

Component/Process Dominant Scale(s) Modeled 
Key Simulation Techniques 

Employed 
Major Insights/Outputs 

Catalyst Layer 
ORR/OER/HOR/HER 

Mechanism 

Microscopic (DFT, AIMD), 
Mesoscopic (kMC) 

DFT, AIMD, kMC, 
Microkinetic Modeling 

Reaction pathways, activation 
energies, turnover frequencies, 

catalyst descriptors, surface 
coverage 

Ion Transport in 
PEM/AEM/Solid Electrolytes 

Microscopic (AIMD), 
Mesoscopic (MD, CGMD, 

kMC) 

AIMD, CMD, kMC, Nernst-
Planck (continuum linking) 

Diffusion coefficients, 
conductivity, transport 
mechanisms, effect of 
hydration/morphology 

SOFC Anode/Cathode 
Microstructure Degradation 

Mesoscopic (PFM, kMC), 
Macro (Coupled CFD) 

PFM, kMC, FEM 

Particle coarsening, TPB 
length evolution, porosity 

changes, impact on effective 
properties, lifetime prediction 

PEMFC Water Management 
Mesoscopic (Pore-Network 

Models, LBM), Macro (CFD, 
COMSOL) 

Pore-scale modeling, CFD, 
Multiphase flow models 

Water distribution, 
flooding/drying phenomena, 

impact of GDL/channel design 

on water removal 

Full Cell/Stack Thermal & 

Flow Distribution 

Macroscopic (CFD, 

FEM/COMSOL) 

CFD, Heat transfer models, 
FEM, Electrochemistry 

Module of ANSYS Fluent, 
multiphase flow module of 

STAR-CCM+ 

Temperature profiles, current 
density distribution, flow 

uniformity, pressure drop, 
hotspot identification 

Electrolyzer Nanobubble 
Formation & Dynamics 

Mesoscopic (CGMD, CMD) MD, Multiphase MD 

Nucleation sites, growth rates, 

bubble detachment, impact on 
electrode coverage and 

overpotential 

Solid Electrolyte Interphase 
(SEI) Evolution 

Microscopic (AIMD), 
Mesoscopic (kMC, MD) 

AIMD, kMC, MD 
SEI composition, morphology, 
growth mechanisms, impact on 

ion transport and stability 
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4. The Ascent of Machine Learning in Multiscale Electrochemical Modeling 

Machine learning (ML) is the core branch of artificial intelligence, enabling computers to autonomously 

discover patterns from data and perform tasks such as prediction, classification, or decision-making through 

algorithms. Its essence is to construct mathematical models and use statistical methods to optimize parameters, 

thereby simulating the human learning process. In recent years, with the rapid development of ML technology, it 

has demonstrated unique advantages in solving multiscale simulation problems, providing new possibilities for 

the design, optimization, and control of fuel cells and electrolyzers. In the multiscale simulation of fuel cells and 

electrolyzers, ML technology has been widely applied in various aspects, including electrocatalyst design, 

membrane electrode assembly optimization, flow-field management, and performance prediction. By integrating 

the physical mechanisms at the microscale with the system behavior at the macroscale, ML methods can 

significantly improve simulation efficiency and enhance prediction accuracy, thus promoting the research and 

development process of new energy conversion devices [178–192]. Here we will delve into the four core roles of 

ML in the simulation of fuel cell and electrolyzer systems: accelerating material design and screening, reaction 

mechanism analysis, cross-scale parameter transfer and macroscopic model calibration, complex model modeling 

and properties prediction. 

4.1. Acceleration of Material Design and Screening 

The core performance of fuel cells and electrolytic cells (such as catalytic activity, stability, and mass transfer 

efficiency) is fundamentally determined by material properties (such as the active site structure of the catalyst, the 

ionic conductivity of the electrolyte, and the pore structure of the electrode). ML through high-throughput 

computing or data mining of experimental results, quickly screens out potential high-performance materials (such 

as electrocatalysts and PEM), providing a specific research platform for subsequent reaction mechanism analysis, 

parameter transfer, and model construction. 

For example, Liang et al. focused on the design challenge of low-platinum catalysts for PEMFCs. ML models 

were used to statistically quantify the vast configuration space and evaluate the impact of chemical ordering on 

thermodynamic stability [185]. Through screening, it was discovered that the introduction of Cu/Ni elements could 

induce Co-Cu/Ni disorder, providing additional stability energy, thereby promoting the ordering process and 

achieving a balance between particle size and order degree. Based on the theoretical predictions, the research team 

successfully prepared small-sized and highly ordered ternary Pt2CoCu and Pt2CoNi catalysts. These catalysts 

exhibit excellent electrochemical performance, including a large electrochemical active surface area of 

approximately 90 m2/gPt and a high specific activity of approximately 3.5 mA/cm2, with a mass activity exceeding 

the target set by the US Department of Energy. Shang et al. constructed a universal ML framework that can 

minimize manual intervention and prior physical knowledge to screen out single-doped, double-doped, and triple-

doped RuO2 catalysts, as shown in the Figure 5a [182]. Within this framework, a geometric feature-based clustering 

extension (CE) model was employed to assess the stability of RuO2-based catalysts as shown in Figure 5a, while 

convolutional neural networks (CNNs) leveraging projected density of states (DOS) signatures from active sites, 

rather than relying solely on energy band centers or atomic descriptors, achieved superior predictive accuracy for 

OER activity in Figure 5b. Both models demonstrated exceptional predictive performance for doped RuO2 systems, 

achieving remarkable R2 coefficients (>0.90 for CE and >0.95 for CNN) when correlating predictions with DFT 

calculations, significantly surpassing the accuracy of earlier approaches. Through exploration of the chemical 

space for 3d transition metal-substituted RuO2 systems, the researchers identified three high-performance OER 

catalysts: Ru41Zn7O96, Ru41Fe3Zn4O96, and Ru39Co1Cu4Zn4O96. This work not only establishes a dedicated ML 

framework for RuO2-based catalyst prediction but also introduces a generalized paradigm for accelerated catalytic 

material discovery, integrating geometric and electronic structure descriptors to bridge atomic-scale insights with 

macroscopic performance optimization. 

4.2. Analysis of the Reaction Mechanism 

The reaction mechanism analysis is based on material design, delving into the microscopic scale 

(atomic/molecular level) to reveal the root causes of material properties, and at the same time providing a 

“microscopic parameter source” for the transfer of cross-scale parameters. Its core lies in using algorithms to 

uncover the deep laws of the reaction system and achieving precise mapping from microscopic mechanisms to 

macroscopic properties [193–203]. For example, the adsorption energy of key reaction intermediates on the 

electrode surface determines the reaction pathway. ML methods can be used to quickly predict the adsorption 

energy of key species based on surface structure and electronic features. 
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Fung et al. proposed a ML model based on convolutional neural networks (CNN), so-called DOSnet as shown 

in Figure 6. This model automatically extracts key features from the electronic density of states (DOS) to achieve 

high-precision prediction of adsorption energy, thereby facilitating in-depth exploration of reaction mechanisms [199]. 

The DOSnet model was applied to various adsorbates and surfaces, and the average absolute error of the predicted 

adsorption energy reached the order of 0.1 eV, which is sufficient to replace DFT calculations and significantly 

accelerates the simulation and prediction of the adsorption process. More importantly, this model can predict the 

external perturbation of the electronic structure without additional DFT calculations, which provides the possibility 

of accelerating the discovery of materials and catalysts by exploring the electronic space. The projected DOS was 

used as the input, avoiding the cumbersome process of manually designing descriptors in traditional methods. This 

data-driven approach not only improves the prediction efficiency but also enhances the interpretability of the 

model, enabling researchers to better understand the electronic structure changes in the adsorption process and 

thereby reveal the reaction mechanism. 

 

Figure 5. High-throughput screening flows of (a) catalytic stability based on the cluster expansion (CE) model and 

(b) catalytic activity based on the convolutional neural network (CNN) model. During the screening operation, the 

stability of plenty of randomly generated doping structures was first evaluated by the CE model to obtain highly 

stable structures, whose activities were then estimated by the CNN models to further screen out highly active 

structures [182]. Copyright 2025, ACS. 

 

Figure 6. General schematic of the DOSnet model. The site-projected DOS of a surface atom serves as the input 

(light blue) which goes through a series of convolutional layers (green), followed by fully connected layers (red) 

and a final output layer. For additional atoms, the same convolutional layers are used with shared weights before 

being merged with the fully connected layers [199]. Copyright 2021, Springer. 



Hu et al.   Sustain. Eng. Novit 2025, 1(1), 5  

https://doi.org/10.53941/sen.2025.100005  15 of 25  

4.3. Cross-scale Parameter Transfer and Macroscopic Model Calibration 

The cross-scale parameter transfer and the results of reaction mechanism analysis are used to address the 

“scale gap” problem in multiscale simulations and provide a “data interface” for macro model calibration and 

complex model construction. Traditional methods focus on parameter transfer between models and boundary 

condition matching, while ML technology significantly improves the efficiency and accuracy of cross-scale 

simulations through feature extraction, proxy model construction, and active learning. The multiscale simulation 

of fuel cell/electrolyzers involves a scale transition from microscopic (atomic reactions) → mesoscopic (electrode 

pore structure) → macroscopic (battery system). Parameters at different scales (such as microscopic reaction rates, 

mesoscopic mass transfer coefficients, and macroscopic voltage current) cannot be directly reused. ML model 

achieves the transfer of microscopic parameters to the macro model by constructing parameter mapping 

relationships (such as converting the activation energy calculated by DFT into parameters of the macro reaction 

kinetics equation); at the same time, it calibrates the transferred parameters using macroscopic experimental data 

(such as polarization curves) to ensure the consistency of models at different scales [180,185,204–207]. 

Armstrong et al. utilized the deep learning algorithm DualEDSR in conjunction with X-ray micro-computed 

tomography technology to construct a high-precision three-dimensional model with a resolution of 700 nm and an 

area of 16 mm2 [204]. This breakthrough overcomes the trade-off between resolution and field of view in proton 

exchange membrane fuel cell modeling, enabling the transfer of cross-scale parameters from nano-scale 

electrocatalysts to millimeter-scale flow fields. The DualEDSR algorithm expands the field of view by approximately 

100 times through training with low-resolution global images and local high-resolution images, generating an ultra-

resolution model beyond the hardware limit and achieving cross-scale connection from nano-scale electrocatalysts to 

millimeter-scale flow fields. At the same time, the convolutional neural network is used to precisely segment the 

internal structure of the battery (such as the gas diffusion layer and microporous layer), extract key features of multi-

scale water aggregation and transport, and provide a structured data basis for parameter transfer. Finally, based on 

the generated high-resolution model, large-scale multiphase flow simulations are directly conducted to reveal the 

water management mechanism in dry and submerged areas, quantify the impact of microscopic structure changes on 

macroscopic performance, and achieve a “modeling-verification-optimization” closed loop. This research builds a 

bridge for cross-scale parameter transfer through ML, integrating local high-resolution details with global low-

resolution data, significantly improving modeling accuracy and efficiency. 

4.4. Modeling Complex Interfaces and Predicting Properties 

Complex model construction is a systematic integration of material design, mechanism analysis, and cross-

scale transfer results, ultimately serving the prediction and optimization of device performance. The operation of 

fuel cells and electrolytic cells involves electrochemical reactions, multi-component mass transfer, heat conduction, 

and other multi-physical field couplings. ML integrates material property data, microscopic mechanism parameters, 

and the coupling relationships of cross-scale transfer to construct complex models (such as full battery 

performance prediction models, degradation lifetime models). At the same time, the output of the complex model 

can in turn guide material design and screening, verify the correctness of reaction mechanism analysis, and thus 

form an iterative closed loop of “material design → mechanism analysis → parameter transfer → model 

construction → feedback optimization”. Beyond accelerating existing simulation workflows or enabling new 

design paradigms, ML algorithms excel at analyzing large, complex datasets—whether from experiments or 

simulations—to uncover hidden correlations, identify key descriptive features, and build predictive models for 

properties and phenomena that are challenging to capture with traditional physics-based models alone [208–216]. 

This is particularly relevant for understanding the intricacies of electrochemical interfaces. 

As a typical example, a deep neural network enhanced mesoscopic thermodynamic (DeepMT) model has 

been proposed by Lian et al., to provide foundational understanding of the electrochemical properties of the 

electrode/electrolyte interface [214]. This model deeply integrates the deep operator network (DeepONet) with the 

mesoscopic thermodynamic model based on classical DFT, constructing a complex model that can handle both 

microscopic ion interactions (such as hard sphere repulsion, Coulomb force) and macroscopic external field effects 

(such as electric field, concentration). By replacing the complex functional solution process in traditional 

numerical methods with neural networks, this model achieves efficient integration and calculation of cross-scale 

information, preserving the rigor of the physical model while significantly improving the simulation efficiency of 

complex interface systems. The DeepMT model learns from the training data of DFT and directly predicts the ion 

density distribution at the electrode/electrolyte interface. It not only captures the oscillatory distribution of ions 

and charge reversal phenomena but also further deduces key interface properties such as adsorption capacity, surface 

charge, and differential capacitance. After being verified by 5 cases, this method is effective under different boundary 
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conditions, multi-phase and multi-physical field scenarios. The calculation time is reduced by 50 to 1000 times 

compared to the finite element method, providing a reliable alternative solution for parameterized reaction 

transport equations in porous media, and facilitating the study of complex phenomena [215]. 

The machine chemist system developed by the University of Science and Technology of China has achieved 

a revolutionary autonomous synthesis of oxygen-producing catalysts for Martian meteorites through the deep 

integration of machine learning and multi-scale simulation [216]. This system first uses laser-induced breakdown 

spectroscopy to conduct atomic-scale characterization of the meteorite composition, and combines quantum 

chemical calculations to build a theoretical database; then, through molecular dynamics simulation, it predicts the 

behavior of material interfaces and establishes a cross-scale correlation model between microstructure and 

macroscopic properties. The machine learning algorithm plays a core role in this process: It uses graph neural 

networks to process non-equilibrium material data, solving the accuracy bottleneck of traditional DFT calculations 

in high-entropy alloy systems; It develops a transfer learning framework to transfer knowledge from the Earth’s 

catalyst database to the Martian meteorite system, significantly improving the efficiency of small-sample learning; 

It builds a “computational-experimental” loop through Bayesian optimization, achieving the locking of the optimal 

solution within 6 weeks from 376,000 formula combinations, which is 105 times faster than traditional methods. 

Experimental verification shows that the AI-designed catalyst can operate stably for 550,000 s at a current density 

of 10 mA/cm2, with an oxygen evolution overpotential as low as 445.1 mV. Its performance advantage directly 

stems from the collaborative optimization of multi-scale parameters such as electron transfer potential barriers and 

active site distribution by machine learning. This achievement not only provides a paradigm for in-situ utilization 

of extraterrestrial resources but also pioneers a new model of “AI + multiscale simulation” for material 

development—by integrating real-time data from quantum-scale calculations, mesoscopic-scale simulations, and 

macroscopic performance tests, it breaks through the scale barriers in traditional research and establishes a general 

methodology for extreme environment material design [217–220]. 

5. Challenges and Future Outlook 

Currently, multi-scale modeling of fuel cells and electrolyzers faces three major challenges. 

(1) The trade-off between accuracy and efficiency is evident: quantum mechanics methods (e.g., DFT) can 

capture atomic-level interactions but are computationally demanding, while macroscopic continuum models 

are efficient at the device scale but often neglect the microscopic mechanisms [161]. 

(2) The discontinuity of scale coupling is particularly prominent, extending from femtosecond-level charge 

transfer processes to material degradation over years—spanning six orders of magnitude in time—and from 

nanoscale catalytic layers to micrometer-scale systems. 

(3) Existing models struggle to achieve dynamic correlation across all scales. The electrochemical active 

interface, as the core of energy conversion, requires more accurate parameterization for its dynamic 

reconstruction, multiphase contact, and defect evolution, yet limited experimental verification often causes 

model predictions to diverge from real operating conditions. 

Furthermore, advances in multi-physics coupling algorithms remain limited, and persistent hardware 

constraints on computational resources continue to hinder the adoption of high-precision simulations in industrial 

design [105]. Addressing computational cost barriers is essential for promoting the practical application of multi-

scale modeling. Two strategies have demonstrated significant promise. First, GPU acceleration has brought 

transformative improvements to large-scale simulations. For example, GPU-optimized DFT code, such as VASP-

GPU, can reduce the computation time for simulating ORR mechanisms on Pt alloy catalysts by 5–10 times. 

Meanwhile, GPU-parallelized molecular dynamics codes (e.g., LAMMPS-GPU) allow microsecond-scale 

simulations of electrolyte ion transport in PEMs containing millions of atoms, dramatically improving the 

efficiency of cross-scale parameter transfer (e.g., from DFT to MD). Second, reduced-order models (ROMs) 

provide a complementary approach. By simplifying high-fidelity models, for instance, replacing full PDE solvers 

with machine learning surrogates or reduced-basis methods, ROMs preserve essential physical insights while 

reducing computational expense by one to two orders of magnitude. As an example, ROMs derived from 

macroscopic CFD models of SOFCs can rapidly predict stack-level temperature distributions with errors below 5% 

compared to full simulations, thereby enabling real-time optimization of operating conditions. When integrated 

within multi-scale coupling frameworks, these strategies can mitigate hardware limitations and help bridge the gap 

between high-precision modeling and industrial design requirements [105]. 

The future breakthroughs in multi-scale modeling are expected to depend on four major technological pillars: 
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(1) By developing a unified framework to simultaneously couple electrochemistry, fluid heat transfer, 

mechanical stress and chemical reactions, multiple physical fields can be deeply integrated. It is expected to 

achieve full-scale simulation from molecular reactions to system outputs 

(2) The growing use of AI is expected to transform modeling approach, from using ML to accelerate DFT 

calculations, to the development of data-drive surrogate models that replace traditional partial differential 

equation solvers, and to the discovery of new catalytic materials using generative AI [206,207]. 

(3) The collaborative innovation of experiments and computations through the closed-loop interaction of high-

throughput experimental platforms and modeling tools can quickly validate model assumptions and feedback 

parameter optimization, forming a forward iteration of materials-models-equipment. 

(4) The development of a standardized ecosystem involves creating modular modeling platforms, establishing 

cross-scale parameter libraries, and defining data-sharing protocols. Together, these efforts can help move 

the field to shift from fragmented research towards more collaborative innovation. 

The advancement of digital twin technology will enable closer integration of real-time simulation with 

physical systems, supporting full life-cycle management of fuel cell technologies—from design optimization to 

operation prediction—and providing a foundation for the hydrogen economy. 

6. Conclusions 

Multiscale modeling has become an important tool for studying, designing, and improving fuel cells and 

electrolyzers. By bridging processes across different length and time scales inherent, from electron transfer at the 

quantum level to performance at the device scale, these simulations provide insights that are difficult to obtain 

from experiments or single-scale modelling alone. This review has summarized the methods employed at the 

microscopic, mesoscopic, and macroscopic scales, the strategies for coupling these models, and their applications 

in studying reaction mechanisms, describing transport processes, predicting microstructural changes, and 

improving device design and operation. The integration of ML techniques is increasing reshaping the field. ML-

derived potentials can significantly accelerate computationally intensive atomistic simulations, while data-driven 

approaches help identify novel material descriptors and allow efficient exploration of vast design spaces. 

Combining physics-based modeling and data offers opportunities to accelerate materials discovery, optimize 

electrode and cell architectures, and improve the predictive accuracy of models for long-term performance and 

degradation. The development of multiscale modeling in electrochemistry shows similarities to its use in other 

complex material systems, such as biomaterials. This makes it possible to benefit from cross-disciplinary progress 

in algorithms, coupling techniques, and validation methods. 

Despite notable progress, challenges remain, including high computational cost, difficulties in bridging large 

scale gaps, accurate description of dynamic interfaces, robust parameterization, and the need for thorough 

experimental validation. Future directions are expected to involve enhanced multiphysics coupling, broader 

integration of AI/ML methods, closer synergy with high-throughput experiments, and the establishment of 

standardized open platforms and digital twins. The effectiveness of multiscale modeling will ultimately accessed 

by its ability to improve the cost, performance, and durability of real-world fuel cell and electrolyzer devices. By 

advancing the scientific understanding and providing predictive tools to address current limitations, multiscale 

simulation can support the wider deployment of clean energy technologies and contribute to global climate and 

energy goals. 
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