Materials Reports: Energy 5 (2025) 100356

KeAil

CHINESE ROOTS
GLOBAL IMPACT

journal homepage: www.keaipublishing.com/en/journals/materials-reports-energy

KeAl Mtz

Contents lists available at ScienceDirect Materials Reports

Materials Reports: Energy

Progress Report

Multi-scale modeling of the multi-phase flow in water electrolyzers for M)

green hydrogen production

Check for
updates

Lizhen Wu?, Qing Wang?, Wenzhi Li?, Mingcong Tang?, Liang An®""

@ Department of Mechanical Engineering, The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong Special Administrative Region of China
Y Research Centre for Carbon-Strategic Catalysis, The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong Special Administrative Region of China

ARTICLE INFO

Keywords:

Water electrolyzers
Bubble dynamics
Multi-scale
Multi-phase
Modeling

ABSTRACT

Water electrolyzers play a crucial role in green hydrogen production. However, their efficiency and scalability
are often compromised by bubble dynamics across various scales, from nanoscale to macroscale components.
This review explores multi-scale modeling as a tool to visualize multi-phase flow and improve mass transport in
water electrolyzers. At the nanoscale, molecular dynamics (MD) simulations reveal how electrode surface fea-
tures and wettability influence nanobubble nucleation and stability. Moving to the mesoscale, models such as
volume of fluid (VOF) and lattice Boltzmann method (LBM) shed light on bubble transport in porous transport
layers (PTLs). These insights inform innovative designs, including gradient porosity and hydrophilic-
hydrophobic patterning, aimed at minimizing gas saturation. At the macroscale, VOF simulations elucidate
two-phase flow regimes within channels, showing how flow field geometry and wettability affect bubble dis-
charging. Moreover, artificial intelligence (AI)-driven surrogate models expedite the optimization process,
allowing for rapid exploration of structural parameters in channel-rib flow fields and porous flow field designs.
By integrating these approaches, we can bridge theoretical insights with experimental validation, ultimately
enhancing water electrolyzer performance, reducing costs, and advancing affordable, high-efficiency hydrogen

production.

1. Introduction

The global energy use heavily relies on fossil fuels, exacerbating
environmental issues such as climate change. While renewable sources
like solar and wind energy offer sustainable alternatives, their potential
is often limited by intermittency and geographical constraints."? In this
context, hydrogen has emerged as a vital energy carrier, facilitating the
storage and transportation of renewable energy without carbon emis-
sions.> Among hydrogen production methods, water electrolyzers
powered by renewables stand out for their environmental advantages.*
For instance, proton exchange membrane water electrolyzer (PEMWE)
faces efficiency limitations due to high cost and low hydrogen yield rate.
Addressing these challenges requires not only advanced materials but
also a fundamental understanding of complex multiphase phenomena,
particularly bubble dynamics.>°

A typical PEMWE comprises several essential components, as
detailed in Fig. 1. The Hydrogen Evolution Reaction (HER) occurs at the

cathode, and the Oxygen Evolution Reaction (OER) occurs at the anode.
These reactions involve intricate multi-physical and chemical processes,
including interactions among gas, water, heat, and electricity.® Bubble
dynamics at the anode significantly influence overall performance.
During operation, bubble evolution—encompassing nucleation, growth,
and detachment—occurs at the catalyst layer (CL). The generated bub-
bles then enter the porous transport layer (PTL), where they are trans-
ported by capillary forces before breaking through into the anode
channel, moving along the flow of water (Fig. 1). To achieve higher rates
of hydrogen production, operating current densities are often raised to
10 A em™~ % significantly boosting oxygen production within the CL. This
can lead to a transition from bubble flow to plug flow and annular flow
within the channel. Excessive oxygen accumulation in the channel (as
seen in plug or annular flow) impedes the supply of liquid water to the
electrochemical reaction sites in the CL and obstructs the expulsion of
oxygen from the CL to the channel.® This bottleneck impacts heat and
mass transfer’ and can even lead to cell failure.'°
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Taking PEMWE as an example:
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Fig. 1. Taking PEMWE as an example, bubble behaviors at different scales.

Many visualization tools like high-speed imaging® and X-ray to-
mography'! are used to explore bubble dynamics in water electrolysis,
but each has limitations. Specifically, high-speed imaging sacrifices
resolution and may miss tiny bubbles. X-ray tomography can observe
bubble transport in porous media, but requires costly equipment and
struggles with real-time imaging of fast processes and high gas con-
tent.'? To address these issues, recent advancements in multi-scale and
multi-phase modeling, alongside innovative visualization techniques,
have begun to elucidate the complex relationship between bubble
behavior and electrochemical performance. At the nanoscale, molecular
dynamics (MD) investigates'>° the impact of various surface structures
on the nucleation and growth of nanobubbles in nanoelectrodes. At the
microscale, pore-level models including the volume of fluid (VOF)
method,ls’18 lattice Boltzmann method (LBM),lg’21 pore network model
(PNM),ZZ’23 and phase field methods (PFM)?*2° can simulate bubble
transport within the PTL, revealing how surface wettability and PTL
morphology influence gas saturation. The VOF method also clarifies
bubble transport from the PTL to the channel, which informs flow field
designs.?” Traditional physical models, like VOF, often encounter
computational inefficiencies, prompting the integration of artificial in-
telligence (AI) techniques to enhance analyses. Machine Learning (ML),
as an Al framework, autonomously learns from data,?® optimizing
various factors and improving the performance of water electrolyzers
and bubble distribution.” This synergy substantially reduces computa-
tional complexity and accelerates research cycles. Furthermore, it is
important to note that these models can complement advanced visual-
ization tools, such as high-speed imaging, X-ray tomography, and syn-
chrotron radiation imaging.

This review focuses on advances in multi-scale and multi-phase
modeling as complementary visualization techniques for analyzing
bubble dynamics in water electrolyzers. First, we analyze the applica-
tion of different models for bubble visualization at different scales, such
as MD for nanobubbles in CL, VOF and LBM for microbubbles in PTL,
and VOF for macrobubbles in the channel. At the same time, we criti-
cally assess the strengths and weaknesses of the different models and
highlight their advantages in predicting gas-liquid interactions and
guiding material/structural innovations. We then discuss how cutting-
edge Al-driven models can accelerate the computations of the afore-
mentioned physical models and related optimization. Finally, we point
out persistent challenges, including the need for unified models that
combine bubble dynamics with electrochemical degradation mecha-
nisms, and suggest future research directions to accelerate the

commercialization of water electrolyzers such as PEMWE. By synthe-
sizing these insights, this study aims to lay the groundwork for a next-
generation water electrolyzer design that prioritizes efficient bubble
management, ultimately enabling affordable large-scale green hydrogen
production.

2. Molecular dynamics simulation for nanobubbles in the
electrode

MD simulation serves as an effective tool for observing electro-
chemically generated nanobubbles on nanoelectrodes by calculating the
forces acting on each molecule or atom within a specified volume,
thereby determining their trajectories over time.?’ It provides higher
spatial and temporal resolution, complementing the findings of experi-
mental studies and providing additional insights into the molecular
pathways involved in the nucleation process of nanobubbles.>’ To
accurately capture bubble behaviors at such small scales, MD simula-
tions require time steps that align with molecular motion, typically on
the order of femtoseconds (fs). Furthermore, given the number of atoms
and degrees of freedom, MD simulations are restricted to nanoscopic
regions and process time scales of 100 ns.*! The choice of force field in
MD simulations is critical and significantly impacts the accuracy of the
results. For example, ReaxFF°~ is employed to simulate the generation of
nanobubbles from nanoelectrodes in water electrolysis. Non-reactive
force fields, such as the Lennard-Jones,>>** can also be utilized to
simulate interactions between molecules. However, to reduce calcula-
tion costs, a monatomic coarse-grained method is generally adopted to
model all molecules. In this model, water interactions are represented by
the monatomic water (MW) potential that simplifies the representation
to a single site, while the Stillinger-Weber (SW) potential is employed to
account for interactions among water molecules. This includes both
two-body and three-body potentials. The surface tension is set at
y = 0.072 N m~'. Within this framework, the three-body potential
effectively simulates the intricacies of water interactions, while
two-body potentials are used to model interactions between different
atoms. The specific expressions for these potentials are available in Refs.
13,35.
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Where ¢, and ¢; are the two-body potential and three-body potential,
respectively. A and 6 determine the interaction strength and angle be-
tween the three-body potential (A = 23.15, § = 109.47°). ¢ and §
determine the interaction strength and scale between pair potential. The
inter-particle distance r and a cut-off radius of a = 1.8 ensure all po-
tentials and forces in the SW model are zero for r > a §. A harmonic
potential with a constant of 10 keal mol~! A~2 simulates vibrations of
solid and electrode molecules, preserving their overall structure.

At the very beginning, Weijs et al.>® used molecular dynamics sim-
ulations to investigate the behavior of surface nanobubbles in a ternary
system (gas, liquid, solid) comprising Lennard-Jones fluids. Their find-
ings revealed that these nanobubbles formed under conditions of suffi-
ciently low gas solubility in the liquid, effectively meaning a high
relative gas concentration. When the gas-solid interaction was notably
strong, the surface nanobubbles resided on a gas layer that developed
between the liquid and the solid, which played a crucial role in
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determining the contact angle derived from microscopic parameters.
However, the drawback is that the gas bubbles are not considered
electrochemically generated. Subsequently, Perez Sirkin et al.®” were
the first to investigate the molecular dynamics of electrochemically
generated nanobubbles. They simulated a system consisting of a
10 x 10 x 15 nm® box containing 33,400 water molecules over a 100 ns
duration, aiming to understand the nucleation and stationary state of
individual nanobubbles formed on a nanoelectrode (Fig. 2a). One of the
important findings is that once the critical size of gas molecule clusters
exceeds ~0.5 nm (equivalent to about 30 gas molecules), the formation
of stable nanobubbles on the nanoelectrode occurs within roughly 20 ns.
The critical bubble cluster diameter closely matches the experimentally
estimated number of gas molecules in the bubble core. Furthermore, the
potential dependence and molecular dynamics of electrochemical re-
actions were simulated and verified using an analytical model combined
with kinetic Monte Carlo simulations by Gadea et al. (Fig. 2b).>> > They
found that the use of small arrays of nano-electrodes, rather than larger
individual electrodes, offers significant advantages in maximizing the
current and conversion rate of the gaseous generation reaction due to
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Fig. 2. (a) Schematic representation of the simulation cell depicting the formation of a surface nanobubble. Particles of the silica-like amorphous solid wall,
electrode, liquid water, and gas are illustrated in red, gray, blue, and green, respectively. Stages of bubble formation include induction, nucleation, and growth
(where the cluster exceeds critical size and shows a low contact angle of ~20°), and the stationary state. Reproduced with permission from Ref. 37. (b) Representative
cross-sectional snapshots of stationary bubbles in simulations, illustrating size and geometry variations for potential AE between 100 and 250 mV at a 5 nm diameter
electrode. Water molecules are shown in blue, gas molecules in red, electrode particles in white, and inert wall particles in black. (c) Residual currents as a function of
electrode diameter. Reproduced with permission from Ref. 38. (d) Snapshots from MD simulations of nucleated nanobubbles and phase maps of three modes based on
relative surface energies: (left) electrolyte-electrode energy > gas-electrode energy, (middle) electrolyte-electrode energy ~ gas-electrode energy, and (right)
electrolyte-electrode energy < gas-electrode energy. Reproduced with permission from Ref. 39. (e) Schematic representation of nanobubble geometric parameters on
various nanostructured surfaces, illustrating the relationship between contact angle and total gas flux. Reproduced with permission from Ref. 13. (f) MD snapshots of
stable (65 ns) and unstable nanobubbles (pre-detachment) for various &, and conversion rates F. Dashed lines denote the edges of the left and right electrodes.

Reproduced with permission from Ref. 35.
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the compensating effects of bubble area growth and Laplace pressure
(Fig. 2c). To further elucidate the dynamics at the electrode interface
and to ensure correlation with real-world hydrogen evolution scenarios,
Li et al.>* developed a self-programming gas generation algorithm to
simulate continuous gas generation. This algorithm operates on the
principle of hydrogen generation at the electrode surface during water
electrolysis, introducing gas molecules at intervals of 1/f ps intervals,
where f = 0.02 ps! from experimental data, thus linking the simulation
to actual observations. As the gas accumulates, it inhibits the electro-
chemical reaction by decreasing the accessibility of water to the reaction
site. The algorithm ensures that the gas is formed only when water is
present. Given the stochastic nature of molecular distribution, the
simulation allows up to 10 attempts to correctly position the generated
gas molecules. If unsuccessful, the simulation proceeds after a delay of
1/f ps. They identified three different types of nanobubbles: surface
nanobubbles, solution nanobubbles, and pancake nanobubbles, each
exhibiting unique interfacial behaviors based on electrode properties.
Solution nanobubbles formed mainly on hydrophilic electrodes, pan-
cake nanobubbles were attached to hydrophobic electrodes, and surface
nanobubbles were in the form of spherical caps (Fig. 2d).

The maturation of this model lays the groundwork for exploring how
the surface morphology'®'° and surface wettability>> of electrodes in-
fluence nanobubble behaviors, facilitating more informed electrode
designs. Regarding surface morphology, Nie et al.'® demonstrated that
during the stabilization stage, nanobubbles on a planar surface exhibit a
contact angle of 34.6° and a contact radius 3 A larger than those on a
concave surface, with heights remaining consistent at about 20 A. The
reaction rate on the planar surface is higher, indicating that water
molecules are more accessible to gas molecules there. A dynamic equi-
librium model reveals that gas flux on the concave surface is lower,
resulting in a smaller contact angle, which suggests that the concave
geometry restricts the movement of water and gas to the electrode
(Fig. 2e). In terms of wettability, Zhan et al.®® discovered that the
morphology, size, and stability of nanobubbles closely correspond to the
conversion rate F and the surface wettability (ey.s) of the surrounding
solid plate. When ¢, is lower than a certain critical value, stable
nanobubbles can be formed regardless of the value of F. On the contrary,
stable nanobubbles are more likely to form at low values of F when &y, is
high. However, when F experienced a slight increase while &, remains
high, the grown nanobubbles are more likely to become unstable and
detach from the electrode surface (Fig. 2f).

3. Mesoscale simulation for bubble transport in porous
transport layer

The bubbles originate from the electrode and migrate into the PTL,
subsequently being transported into the channel via capillary forces,
with their behaviors constrained to the micron scale. A variety of
mesoscopic models have been developed to simulate bubble behavior in
PTLs that closely resemble realistic scenarios. For example, Notable
methods for capturing and tracking interfaces between gas and liquid
include the volume of fluid method (VOF),16’18 the lattice Boltzmann
method (LBM),lg’21 the pore network method (PNM),ZZ’23 and the phase
field method (PFM)>*2° which are widely used to study the two-phase
flow in the PTLs of water electrolyzers and have shown good numeri-
cal stability and reliability. The VOF model excels in capturing phase
interfaces through a capillary pressure term in the momentum equation,
but necessitates a fine mesh for accuracy.*® LBM is effective for complex
microscale geometries, naturally modeling dynamic interfaces and
benefiting from GPU acceleration, although it struggles with stability at
high density/viscosity ratios and demands significant memory.*!
Conversely, the PNM offers high computational efficiency for large-scale
simulations and accurately predicts macroscopic properties like
permeability; however, it simplifies pore structures, which may
compromise accuracy regarding microscopic dynamics.22 The PFM
models diffuse interfaces and integrate well with multi-physics
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applications, but face challenges with high computational costs and
assumptions about artificial interface thickness.* Consequently,
selecting the appropriate model for a given situation is crucial. A sum-
mary of the advantages and disadvantages of each model is presented in
Table 1.

The structural parameters (porosity, pore size/distribution) and
physical properties (e.g., surface wettability) of PTL critically influence
the bubble transport dynamics.*? The models discussed not only eluci-
date the bubble transport mechanism in PTL but also propose innovative
PTL designs through exploring the effects of the above parameters. Li
et al.*® first identified and proposed the concept of an ‘isolation belt’
through VOF simulation results, which is formed by a series of random
narrow throats in the PTL. Its narrow throats create a large capillary
resistance barrier that makes it difficult for oxygen bubbles to pass
through. If the bubbles on either side of the ‘barrier’ cannot be met, they
will not merge, resulting in a higher number of transport paths and
increased oxygen saturation. Additionally, perforation may disrupt the
‘isolation belt’, thereby creating preferential transport pathways that
help reduce oxygen saturation (Fig. 3a). Using PFM, Wu et al.** also
demonstrated that the oblique perforation technique in the PTL signif-
icantly enhances oxygen and substantially mitigates oxygen accumula-
tion beneath the channel ribs (Fig. 3b). Moreover, when maintaining a
constant porosity in the PTL, reducing fiber diameter in the vicinity of
the CL can significantly decrease the local oxygen saturation. Similar
findings have been corroborated by both LBM*"*> and PNM?? models,
which indicate that increasing porosity from the PTL-electrode interface
to the PTL-flow field interface results in lower gas saturation and higher
liquid water permeability. In terms of surface wettability, Li et al.'®
concluded that, although wettability impacts oxygen distribution after
breakthrough, it does not alter the capillary fingering transport pattern.
Weakly hydrophilic areas tend to oxygen accumulation, whereas
strongly hydrophilic regions enhance oxygen processing. Yang et al.*°
proposed a design for combining strong and weak hydrophilicity at the
catalyst layer end of the transport layer, which can lower oxygen satu-
ration by up to 30% on the surface (Fig. 3c).

In terms of operating conditions, Qiu et al.'” found that increased
back pressure reduces bubble formation frequency and expulsion effi-
ciency in the flow channel but does not alter the bubble formation
process. Higher operating pressure improves gas-liquid interaction,
leading to smaller bubbles. As pressure rises, the frequency of bubble
generation in the flow channel increases while the bubble size decreases.
At low pressure, bubbles form randomly, requiring higher water flow
rates for effective management. However, because the formation
mechanism stays the same, bubbles linger longer in the porous medium,
resulting in lower bubble discharging efficiency. Future PTL designs can
be refined to improve bubble discharging in high-pressure electrolyzers
(Fig. 3d).

4. Macroscale simulation for two-phase flow in channel

The two-phase flow regimes in the channel have a significant effect

Table 1
Comparison of VOF, LBM, PNM, and PFM.

Type Advantages Disadvantages

VOF*° 1. Sharp interface tracking 1. High computational cost
2. High accuracy 2. Mesh dependency
LBM*" 1. GPU-friendly and parallel 1. Unstable at high density/viscosity
2. Handles complex ratios
geometry 2. High memory consumption
3. Mesoscopic approach 3. Time-step limit
4. No explicit tracking
PNM?? 1. Fast for large scales 1. Idealized pore networks
2. Macroscopic predictions 2. No interface dynamics
PFM?* 1. Diffuse interfaces 1. Artificial interface thickness
2. Multi-physics coupling 2. High computational cost
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Fig. 3. (a) Effect of perforation diameters and fiber diameters on oxygen distribution. (black dashed line is isolation belt). Reproduced with permission from Ref. 43.
(b) Schematic diagram of PTL oblique perforation and its oxygen breakthrough characteristics compared with the base case. Reproduced with permission from
Ref. 44. (¢) Hydrophilic-hydrophobic and single wettability structures and bubble transport processes within them. Reproduced with permission from Ref. 46. (d)

Breakthrough process of bubbles at different pressures. Reproduced with permission from Ref. 17.

on the performance of the water electrolyzers. The two-phase flow re-
gimes are mainly determined by the water flow rate, the oxygen gen-
eration rate and the flow field pattern.” A higher water flow rate®
(Fig. 4a) and a suitable flow field, such as a parallel flow field*® (Fig. 4b),
are more favorable for the bubbles discharging. VOF is commonly
employed to simulate a near-realistic two-phase flow regime within
flow-field channels, thus helping to quickly screen suitable flow field
designs for water electrolyzers. Initial simulations of two-phase flow in
these channels were conducted by applying a constant gas velocity
uniformly across the bottom surface, as demonstrated by Lafmejani
et al.*? This model was utilized to represent bubble production and
simulate Taylor flow within the flow channel. Dang et al.>® compared
the results of two-phase flow simulated by VOF with experimental op-
tical visualization results, finding excellent agreement, particularly in
the transition of bubbles between bubbly flow, slug flow, and annular
flow. Their results further demonstrated that the hydrophilic flow
channel wall accelerates bubble discharging. Subsequently, Wu et al.?”
were pioneers in coupling the VOF model with a full-cell model to better
reflect the relationship between realistic two-phase flow and the elec-
trochemical performance of channels in PEMWE. Their model under-
went rigorous validation that included examining polarization curves,
ohmic losses, and the two-phase flow regimes within the parallel and
serpentine flow fields (Fig. 4b). This model was mainly carried out in the
following steps (Fig. 4c): A 3D full-cell simulation is first performed
under the assumption that there is no oxygen in the anode channel. The
oxygen flux entering the channel is then extracted and applied as a
boundary condition at the channel's bottom in the VOF model. Once the
average oxygen volume fraction in the channel and at the PTL surface
stabilizes, this oxygen saturation distribution is used as the boundary
condition for the oxygen pressure equation in the porous electrodes of
the PEMEC. Although the channel's two-phase flow is unsteady, it is
assumed that when the average oxygen saturation at the PTL surface is
steady, the corresponding simulated distribution can be treated as a
quasi-steady state. In addition, they also utilized this method to
demonstrate that the structured mesh channel can split large bubbles

into small bubbles compared with a single straight channel (Fig. 4d),
which significantly improves the non-uniform temperature distribution
and current density distribution in the electrode of PEMWE (Fig. 4¢).5!
For the structured mesh channel, a design that gradually reduces the
hydrophobicity (i.e., contact angle) of the skeletal surface from the top
of the channel to the PTL surface contributes to the performance of the
PEMWE by improving the oxygen discharging capacity. Following the
work of Wu et al.,?”>°! Zhou et al.>?> developed a similar coupling
method. They first used the model to explore the effect of anode PTL on
two-phase flow in the flow channel. The results showed that the bubble
coverage on the upper surface of the PTL decreased by 42.9% when the
contact angle was reduced from 90° to 50°, which also proved its high
sensitivity and could provide a valuable guide for the design of PTLs for
PEMWE. Later, they expanded it from a single flow channel to a flow
field scale and found that the accumulation of bubbles in the outlet
manifold also affects the bubble removal rate and leads to bubble
backflow. The hydrophilic anode PTL leads to a higher proportion of
slug flow in the middle channel of the parallel flow field (channels 2 and
3), which reduces the bubble removal rate. To improve bubble removal
efficiency, hydrophilicity must be minimized. Hydrophobic anode PTL
conditions create films and wavy flow, resulting in delayed migration of
bubbles towards the outlet manifold (Fig. 4£).53

5. Al-driven models accelerating physical models

Traditional physical models like the VOF method exhibit computa-
tional inefficiencies, prompting the integration of Al techniques to
enhance theoretical analyses.>* ML, an Al framework grounded in sta-
tistical methods, can autonomously learn from prior data,”® enabling
optimization across a spectrum of variables—from atomic-level de-
scriptors to macro-engineering factors—ultimately improving water
electrolyzer performance and bubble distribution. The most significant
benefit of this synergy is the ability to eliminate complex computational
processes,”® thereby shortening research cycles.”” Al-based data-driven
models, such as artificial neural networks (ANN)°® and support vector
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machines (SVM),*® provide alternative tools for R&D in everything from
lithium batteries to PEM fuel cells. A comprehensive review of Al-based
approaches to the digitization of porous energetic materials is provided
by Niu et al.?® For water electrolyzer, Chen et al. combined a multi-
physics coupled model with a data-driven alternative model (i.e., ANN)
to obtain an optimal channel width and an optimal depth of 2 mm,
resulting in 38.61% of the current density.®® In addition, certain Al al-
gorithms, such as genetic algorithms (GA), can be used to efficiently
optimize to obtain the best value. For example, Wang et al.>® used a
genetic algorithm to identify the optimal MEA for a PEM fuel cell.
However, Al-assisted optimization of the bubble visualization physics
model for water electrolyzers is scarce, and we aim to provide some
prospective cases to provide theoretical guidance.

An example of Al-accelerated physical modeling is the work by Wu
et al.,”> who designed a dual-layer channel (the degassing layer is tightly
installed on the base layer) that enhances the self-pumping effect by
leveraging capillary pressure differences, reducing bubble coverage on
the electrode surface (Fig. 5a and b). This design achieved improved cell
performance (~0.15 V at 5.0 A cm 2) compared to traditional
single-layer systems. To explore bubble behaviors, the VOF model
assessed the impact of various degassing layers and base layer heights,

but the multitude of potential configurations made this approach
computationally demanding. To address this challenge, a data-driven
surrogate model based on a deep neural network (DNN) was devel-
oped and trained using data from the VOF method (Fig. 5¢).%! Utilizing
this efficient surrogate model, the optimal dimensions of the base and
degassing layers were identified through a GA. The efficacy of this
optimization was validated through experimental bubble visualization
and electrochemical characterization in PEMWE. The geometry of flow
fields with channels and ribs is relatively easy to design and fabricate,
with many studies focusing on structural optimization. However, opti-
mizing porous flow fields is still in its early stages. Although 3D printing
effectively creates porous structures, the technique can be expensive and
may distort materials during production. Additionally, reconstructing
porous structures and generating meshes for numerical calculations is
more complex and time-consuming than for channel-rib configurations.
However, using porous structures allows for greater flexibility in design
and optimization in 3D space, as factors like pore distribution, skeleton
structure, and wettability can be adjusted more easily. Zhang et al.%?
first reconstructed the porous media channel by simplifying it into a
structured mesh channel (Fig. 5d). They then obtained a large amount of
training data from a validated 3D multiphase non-isothermal model and
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Reproduced with permission from Ref. 64.

developed a data-driven model based on SVM to optimize the flow field
geometry. They also employed a GA to enhance optimization, using the
SVM model as the fitness evaluation function. The optimal values from
this approach were confirmed with the 3D model, demonstrating the
effectiveness of the data-driven model in designing and optimizing
porous media flow fields. This method can also enhance the structured
mesh channel design by Wu et al.>!

In addition to facilitating hybrid physical-data modeling to lower

measurement and computational expenses, Al also offers significant
advancements in experimental studies.®®> For example, a method based
on Mask R-CNN®* can effectively assist in bubble detection, segmenta-
tion, and shape reconstruction, enabling precise quantitative analysis of
bubble flows characterized by high gas holdup and substantial bubble
overlap (Fig. 5e). As a powerful image analysis tool, AI enhances the
accuracy and efficiency of such experimental investigations.
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6. Conclusion and outlook

This review highlights significant advancements in optimizing bub-
ble dynamics in water electrolyzers through multi-scale and multi-phase
modeling. At the nanoscale, MD simulations show that surface nano-
structuring and wettability influence nanobubble nucleation, with hy-
drophobic surfaces favoring stable bubble detachment and hydrophilic
areas improving reaction access. These findings inform electrode de-
signs, such as nanoarrays, to reduce gas blockage. Mesoscale models,
including VOF, LBM, PNM, and PFV, indicate that PTLs with gradient
porosity or hybrid wettability can decrease oxygen saturation by up to
30%, lowering mass transport overpotentials. Structured PTLs with
customized pore distributions enhance bubble expulsion by disrupting
gas isolation belts. At the macroscale, VOF models demonstrate that
hydrophilic flow fields reduce bubble coalescence and backflow, while
structured mesh channels promote bubble fragmentation. Additionally,
Al tools like DNN and GA facilitate the optimization of channel geom-
etries and operational parameters, reducing computational costs
without sacrificing accuracy.

However, challenges persist. Current models often oversimplify the
interaction between bubble dynamics and electrochemical degradation,
especially under transient renewable power conditions. Moreover,
experimental validation of these multi-scale simulations frequently oc-
curs under ideal conditions, overlooking real-world complexities such as
material heterogeneities and catalyst degradation. Future research
should focus on integrating bubble dynamics with thermal, mechanical,
and electrochemical models to better predict the relationship between
bubble dynamics and device lifetimes and failure modes.
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