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σ Ionic conductivity [S cm−1]
ω Transition rate [s−1]

Abbreviations

PEMFC Polymer electrolyte membrane fuel cell
MEA Membrane electrode assembly
GDL Gas diffusion layer
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Abstract - English

Low temperature polymer electrolyte membrane fuel cells are known as clean energy
converters, which produce electrical energy as the result of the cell electrochemical
reaction between hydrogen and oxygen, where water and heat are the only byprod-
ucts. Although an adequate hydration is required for the ionic conductivity of the
polymer membrane of the cell, the excess water in liquid phase can obstruct the
paths of the reactant gases, which diffuse from the gas flow channels through the
gas diffusion layer (GDL) to the reaction sites within the catalyst layer (CL). This
problem, which can result in a decreased cell performance, is more severe at high
current densities where more water is produced. Therefore, a comprehensive un-
derstanding about the effect of all the possible structural and operating parameters
on the quantity and distribution of liquid water within the cell is essential for a
proper water management. The focus of this study is on water distribution within
the GDL and CL structures, taking into account the surface wetting properties,
and thermodynamic and operating boundary conditions. This dissertation includes
two major parts: 1) steady-state water distribution (with no time axis), and 2)
the evolution of water distribution with time. In the first part, a grand canonical
Monte Carlo model (GCMC), which had been previously developed by Dr. Katrin
Seidenberger to study the steady-state water distribution in GDL structures [1], is
further developed for simulations in CLs, as well as their interface with the adjacent
microporous layers. The GCMC simulation results represent a qualitative 3D water
distribution in the structure, together with 2D and 1D pore filling degree analysis.
However, in order to extract the information on the pore sizes, a complementary
pore analysis method is developed. This method is used to investigate the pore size
distribution and the relation between the pore filling degree and pore size in the
structure. The suggestion of this study for increasing the performance of the PEM-
FCs is to decrease the gradient of the wetting properties at the structure interfaces.
This can facilitate the water transport from the CL to the flow channels by reducing
the surface energy barrier to water transport paths. In the second part of this work
a new multi-timescale kinetic Monte Carlo (KMC) model is developed to study the
evolution of water distribution within the GDL structures with time. In this model
the effect of different current densities has been studied, and since water production
and movement take place on - by orders of magnitude - two different timescales, a
multi-timescaling strategy is pursued to include both processes in the simulations.
The KMC simulation results for all current densities show an increase in the amount
of water near the CL, and as opposed to that a decreasing behavior in pore filling
degrees in the regions near the flow channel with time. However, increasing the
current density results in an increased overall water quantity in the GDL structure.
The main results of this PhD thesis are published in three papers.
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Abstract - Deutsch

Niedertemperaturpolymerelektrolytmembranbrennstoffzellen sind dafür bekannt
saubere Energiewandler zu sein, die elektrische Energie durch die elektrochemische
Reaktion zwischen Sauerstoff und Wasserstoff Wasser produzieren, wobei Wasser
und Wärme die einzigen Nebenprodukte sind. Obwohl ein gewisser Grad von
Befeuchtung notwendig ist um die ionische Leitfähigkeit der Polymermembran
aufrecht zu erhalten, muss darauf geachtet werden, dass zusätzliches flüssiges
Wasser nicht den Weg der Reaktionsgase vom Gaskanal, über die Gasdiffusion-
sschicht hin zu den Reaktionszentren der Katalysatorschicht behindert. Dieses
Phänomen hat einen Leistungsverlust zur Folge und verschlimmert sich bei ho-
hen Stromdichten, da auch die Rate der Wassererzeugung erhöht ist. Für ein
gutes Wassermanagement ist es deshalb wichtig das Zusammenspiel der verschiede-
nen Struktur- und Betriebsparameter, und deren Einfluss auf die Menge und die
Verteilung flüssigen Wassers in der Zelle zu verstehen. Der Fokus dieser Arbeit liegt
auf der Wasserverteilung in der Gasdiffusionsschicht und der Katalysatorschicht,
unter Berücksichtigung der Oberflächenbenetzungeigenschaften und der thermo-
dynamischen, sowie betrieblichen Grenzbedingungen. Diese Dissertation bein-
haltet zwei Hauptteile: 1) Stationäre Wasserverteilung (ohne Zeitachse), und 2)
Zeitliche Entwicklung der Wasserverteilung. Im ersten Teil wurde ein großkanon-
isches Monte-Carlo-Modell (GCMC), welches anfänglich von Dr. Katrin Seiden-
berger entwickelt wurde um die stationäre Wasserverteilung in Gasdiffusionss-
chichten zu untersuchen [1], erweitert um Simulationen an Katalysatorschichten
und deren Übergängen zu mikroporösen Lagen durchzuführen. Die GCMC Ergeb-
nisse stellen eine qualitative 3D Wasserverteilung in den Strukturen dar, zusam-
men mit den 2D und 1D Porenfüllungsgradanalysen. Um Informationen über die
Porengrößen aus diesen Ergebnissen zu extrahieren wurde eine zusätzliche Anal-
ysenmethode entwickelt. Sie wurde benutzt um Aussagen über die Porengrößen-
verteilung und den Zusammenhang zwischen Porenfüllungsgrad und Porengröße zu
treffen. Diese Studie empfiehlt den Gradienten der Oberflächenbenetzungseigen-
schaften an den Grenzflächen von Strukturen zu verkleinern. Dadurch wird der
Wassertransport von der Katalysatorschicht zu den Gaskanälen vereinfacht, da die
Oberflächen-Energiebarriere zu den Wassertransportpfaden verringert wird. Im
zweiten Teil der Arbeit wurde ein neues kinetisches Multizeitskalen-Monte-Carlo-
Modell entwickelt um die Entwicklung der Wasserveteilung in der Gasdiffusionslage
über die Zeit hinweg zu simulieren. In diesem Modell wurde die Auswirkung ver-
schiedener Stromdichten untersucht. Da Wasserproduktion und -bewegung auf zwei
um Größenordnungen verschiedenen Zeitskalen stattfinden, wurde eine Multizeit-
skalenstrategie verfolgt um beide Prozesse in die Simulation einfließen zu lassen.
Die KMC Simulationsergebnisse für alle Stromdichten zeigen einen Anstieg des
Wassergehalts nahe der Katalysatorschicht und einen abnehmenden Porenfüllungs-
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Abstract - Deutsch

grad in den Regionen nahe der Gaskanäle über die Zeit hinweg. Mit einer Erhöhung
der Stromdichte nimmt der Gesamtwassergehlt zu. Die Hauptergebnisse der Disser-
tation wurden in drei Publikationen veröffentlicht.
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1. Introduction

Low temperature polymer electrolyte membrane fuel cells (PEMFC) are promising
clean electrochemical energy converters to produce electricity, which have drawn a
lot of attention in the automotive industry [2, 3]. This technology has gone through
a lot of developments until today since the invention of the first ”gaseous voltaic
battery” by Sir William Grove in the 19th century. A PEMFC includes several
components, such as the polymer membrane, cathodic and anodic electrodes, gas
diffusion layers (GDL) and the bipolar plates. The first PEMFC was produced at
General Electric in the early 1960s, which was based on sulfonated polystyrene mem-
branes. Nevertheless, these solid membranes were soon replaced by Nafion R©, which
has proved to be a reliable choice of membrane in terms of durability and perfor-
mance until now [4]. However, there are still a large number of ongoing researches
to tackle the existing challenges of these devices. One of the main challenges is
water management, since water is produced as the only chemical product of the
cell’s electrochemical reaction. The hydrogen gas enters the cell through the gas
flow channels, diffusing through the GDL to reach the anodic side of the membrane
electrode assembly (MEA) to participate in the anodic half-cell reaction, where the
hydrogen molecules are oxidized to protons. The electrons flow through an external
circuit and provide electricity, and the protons diffuse through the polymer mem-
brane to the cathode side. In the cathodic catalyst layer (CL), the oxygen reduction
reaction takes place, and together with the protons water is produced. The oxygen
gas must travel from the cathodic gas flow channels through the GDL to reach the
cathodic reaction sites. Liquid water, which is produced at this side can block the
pores and obstruct the diffusing gas streams on its way from the CL to the chan-
nels. Additionally, the excess liquid water can cause material degradation, such as
GDL dehydrophobization. These problems, which can result in a reduced overall
cell performance and durability, are more severe at high current densities, where a
higher amount of water per unit of time is produced. Therefore, it is desirable to
remove the excess water from the cell. On the other hand, an adequate hydration is
required for the ionic conductivity of the membrane and the ionomer component of
the CL. Thus, balancing the hydration of the cell is not an easy task and requires a
deep understanding of the cell components and all the operating factors that could
in any way influence this balance. To gain this understanding, different types of to-
mography and simulation methods have been developed over many years. Although
tomography could be regarded as a straightforward way of observing the inner com-
ponents of a cell, there exist several limiting factors, especially for the in-situ studies
of an operating cell. Therefore, simulation techniques have always been going down
this road alongside tomography, as reliable tools to study PEMFCs, in particular
when no other tool is capable of this task.

There are several simulation techniques, which are used successfully in the field of
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1. Introduction

Figure 1.1.: General flow chart of the work including the simulation inputs and out-
puts for both GCMC and KMC methods.

fuel cells. Some of these techniques will be briefly introduced in the theory part
of this thesis. However, the focus of this work is on Monte Carlo (MC) simulation
method. This method is based on random processes, which can take place under
given circumstances. These circumstances usually include the physics behind the
system and the thermodynamic and structural boundary conditions. In other words,
the MC algorithm uses randomness as an underlying concept to chose among the
possible processes, each having a likelihood based on defined boundary conditions.
The aim of this dissertation is to study the effect of structural and operating param-
eters on the water distribution within GDLs, microporous layers (MPL) and CLs of
PEMFCs. The first objective is to study the steady-state distribution of water in
the CL and MPL structures and their interface, as well as investigating the relation
between the pore size and pore filling degree with liquid water in these structures.
Therefore, a grand canonical MC (GCMC) model, which had been developed pre-
viously to study the water distribution in the GDL structures [1], is employed and
further developed. Additionally, a new pore analysis method has been devised. The
results of these studies are published in the first two papers attached [5, 6]. The
second objective is to study the evolution of a system with time, and investigat-
ing the effect of current density on water quantity in the GDL structures. Thus, a
new kinetic MC (KMC) model is developed, which is capable of including processes
occurring on different timescales. In the GCMC model, three actions for water
are included: movement based on surface energy minimization, condensation and
evaporation based on chemical potential calculations. However, in the KMC method
liquid water production takes place as the result of electrochemical cell reaction, and
is calculated based on the given current density value. Additionally, similar to the
GCMC model water movement takes place based on surface energy calculations.
Nevertheless, water production and movement take place on different timescales,
and therefore a multi-timescaling approach is required in order to include both pro-
cesses with an affordable computational effort. The results of the KMC study are
published in the third paper attached [7]. In the KMC model, condensation and
evaporation have still not been included, which is the objective of the future devel-
opments of the algorithm. In Figure 1.1, the required inputs for the simulations and
the outputs of the analyses of both MC models are illustrated.
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Part I.

Theory
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2. PEMFC components

A comprehensive study on a fuel cell requires investigating not only the cell as
a whole, but also the properties of all the existing components, and the processes
occurring within them. In Figure 2.1 a simplified illustration of the structure and the
basic principles of a PEMFC is presented, which includes the two half-cell reactions
in the anode and cathode. Prior to introducing the Monte Carlo method, employed
to tackle the challenge of water management, the main fuel cell components will be
briefly explained in this chapter.

2.1. Membrane electrode assembly

The MEA is the central component of every cell. It contains the polymer membrane,
and on either side of it, the electrodes enabling the respective electrocatalytic reac-
tions. The membrane provides ionic (proton) conductivity and electric insulation,
in order to avoid a local combustion and to force the electric current through the
external circuit. Other characteristics of a good membrane are being impermeable
to the reactant species, in order to prevent a voltage drop caused by mixed anodic
and cathodic reactant gases, as well as mechanical and chemical stability in the fuel
cell environment. The membrane of low temperature PEMFCs has been optimized
over years and as of today Nafion R© is the most commonly employed option [8]. It
is a perfluorinated polymer (like TeflonTM), with sulfonic acid side groups, which
enable the proton conduction via the Grotthuss mechanism [8–10]. It requires to
be hydrated in order to conduct protons, with the ionic conductivity being directly
proportional to the water content [11]. The water content of the membrane can be
defined either by the weight of water per dry weight of the polymer, or the number of
water molecules per sulfonic acid groups existing in the polymer (λ = NH2O/NSO3H)
[12]. The water uptake of the membrane from the vapor phase while being in a
gas with 100% relative humidity is about 14 water molecules per sulfonate group.
However, this number for a membrane saturated with liquid water can reach up to
22 [12]. Another effective parameter for the ionic conductivity of the membrane
is the temperature. Based on the measurements performed by Springer et al., the
conductivity (S cm−1) as a function of water content and temperature (K) could be
expressed as follows [13]:

σ = (0.005139λ− 0.00326) exp

[
1268

(
1

303
− 1

T

)]
(2.1)

Although water is generated as the result of the cathodic half-reaction having a
rate proportional to the current density, water diffusion from cathode to anode
as the results of a concentration gradient is not the only water transport process
that can take place across the membrane. The so-called electro-osmotic drag is

5



2. PEMFC components
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Figure 2.1.: Operating Scheme of a PEMFC

another mechanism, which can cause water diffusion from anode to the cathode.
This phenomenon can cause anode drying, especially for thinner membranes and
higher current densities. Additionally, in case of having pressure difference across
the membrane, hydraulic permeation can occur [12].

In the catalyst layer, which is in direct contact with the membrane and the GDL,
platinum particles (or platinum alloys) are employed as the catalyst on both elec-
trodes, due to its promotion of the hydrogen oxidation (anode reaction) and the
oxygen reduction (cathode reaction). In order to reduce costs, great effort has been
put into the reduction of the Pt content while retaining the same activity [14]. This
could be accomplished by reducing the size of Pt particles and depositing them on
a conductive carbon support in a way that the particles do not agglomerate [15].
Nowadays, a total amount of only 0.165 g kW−1 is required, approaching the goal
of 0.12 g kW−1 in 2020 [16]. In addition to the right choice of the catalyst, in order
to promote the electrochemical reaction occurring in a PEMFC, an electrode should
facilitate the transport of the required species, such as protons, electrons and the
reactant gases. Thus, in low temperature PEMFCs in terms of water management
there is an optimization challenge: water is required in order to provide a sufficient
ionic conductivity of the electrode and the membrane. However, in terms of elec-
trode performance, water as a product on the cathode side should be removed in
order to guarantee a maximum of reactant concentration on the electrode surface. In
the worst case, the electrodes may become flooded, i.e. liquid product water blocks
all active reaction sites, which means that the cell can no longer provide any current
[17]. Additionally, within the GDL the gas diffusion paths might get obstructed,
which leads to fuel starvation at the reaction sites. Therefore, water management is
a crucial task in PEMFC operation, which can be facilitated by optimizing the gas
diffusion layer and the bipolar plate structure and design [18].

6



2.2. Gas diffusion layer

2.2. Gas diffusion layer

The GDL is a porous layer, which on the one hand supplies the reactants (H2 and
O2 / air) from the gas flow channels of the bipolar plates to the catalyst layers, and
on the other hand assists to remove the excess water into the gas flow channels.
The porous structure allows for a proper distribution of the reactant gases, even
in the areas that are not directly exposed to the gas flow of the channels. More-
over, the GDL provides the electric contact on both sides of the MEA, conducts
heat from the MEA to the bipolar plates, and provides mechanical stability [17].
To accomplish these numerous tasks, the structure of the GDL has to be well opti-
mized. Conductivity, porosity, tortuosity, stiffness, gas permeability, hydrophilicity,
and hydrophobicity need to be well adjusted in order to ensure the optimum cell
performance and durability [17–22]. There are several strategies to pursue in order
to construct a suitable GDL. Firstly, there is the choice of materials. Various met-
als have been employed as GDL materials due to their stability and good electric
conductivity [20]. However, their price is high compared to carbonaceous materials
and thus their application is limited to the cases where extraordinary conditions
have to be met. For standard PEMFC operations, carbon materials (cloth, paper,
non-vowen structures) have been successfully investigated and are the materials of
choice today [14, 20]. It is comparatively cheap and highly versatile with regard to
fabrication and parameter tuning, in order to address the above-mentioned require-
ments. Secondly, additives are applied to achieve hydrophobic conditions in the
GDL, which aim to rapidly guide the formed water away from the catalyst layer,
into the gas channels. For this purpose, PTFE, PVdF, and FEP were successfully
employed, whereas the former one gained the most attention [20]. Finally, the struc-
turing of the GDL plays an important role in the species transport. Instead of using
a single layer of carbon cloth with homogeneous properties, a grading of porosity,
hydrophobicity, etc. can be desirable. One popular concept is the combination of
a macroporous substrate (MPS) towards the gas channels of the bipolar plate and
an MPL towards the MEA [20]. This combination works in a way, that the MPS
provides a large space for the transport of all species, while the MPL is highly hy-
drophobized and removes the liquid water from the CL, allowing only the gases near
the catalyst particles. It was shown that this structuring improves the PEMFC op-
eration [20, 23]. However, several studies have also investigated hydrophilic MPLs,
or hydrophobic - hydrophilic multi-layered MPLs [24–28].

2.3. Bipolar plate

The bipolar plates electrically connect the neighboring cells in series, and contain
the aforementioned gas flow channels for the gas supply. The term ”bipolar” is
derived from the fact, that each plate connects the anode of one cell to the cathode
of another cell. The anode bipolar plate delivers hydrogen to the cell, while the
cathode one supplies air/oxygen. Moreover, in most applications, it also contains
channels for the cooling liquid. From these set of tasks, the following requirements
can be derived [14]: Similar to the GDL, a good electrical and thermal conductivity
is required in order to ensure minimal performance losses. Due to its contact to
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2. PEMFC components

anode, cathode, and cooling circuit, the bipolar plate needs to be gas tight and
well sealed at the edges. The presence of oxygen, heat, humidity, and acidity (from
NafionTM) results in a corrosive environment. In particular, the contact to the GDL
must not deteriorate, which is why the bipolar plate has to be corrosion resistant.
Being no electrochemically active part, the bipolar plate should be as thin and light
as possible to retain high specific energies. Last but not least, the material and its
processing should be inexpensive.
The most important influencing factor for the above-mentioned points is the choice
of material. Historically, graphite has been the material of choice, since it covers the
performance-related properties perfectly. Its downside is the price, in particular due
to machining, and the required thickness to achieve the desired mechanical strength
[14]. One solution to that is having derived materials, such as graphite compos-
ites, consisting of a binder and graphite powder. These bipolar plates are cheaper
due to easier fabrication and deliver lower weights, but their electric conductivity,
especially in the xy direction (in-plane), is significantly lower [29]. Moreover, var-
ious metals have been investigated as the bipolar plate material. In general, they
exhibit good conductivities, a significantly higher mechanical strength compared to
graphite, leading to thinner designs, and simpler fabrication. Due to the spatial
restrictions in the automotive industry, metallic plates, which can be as thin as
0.1 mm or less, are preferred over thick graphite plates, in order to accommodate
more cells in the vehicle, leading to higher power densities [30]. On the downside,
either their price is high (f.i. titanium), or they require expensive coatings to guar-
antee corrosion resistance [14]. However, among all, stainless steel is an attractive
material of choice due to its availability, lower price, uncomplicated manufactur-
ing, higher corrosion resistance, and mechanical strength. Nevertheless, the major
concern about the stainless steel bipolar plates is the high contact resistance to the
GDL, which can lead to a high efficiency loss. It is assumed that formation of passive
oxide layers on the surface of the stainless steel, which occurs in the acidic PEMFC
environment, is one of the major causes of the contact resistance [29, 31]. There-
fore, surface treatments are required to improve the corrosion resistance. In general,
the protective coatings on metallic bipolar plates should be conductive and possess
thermal expansion coefficients as close to that of the base metal as possible, in order
to avoid formation of the micro-pores and cracks due to an unequal expansion [32].
In the end, the choice of material is strongly dominated by the application.
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3. Tomography methods

In order to obtain detailed structural information to use in the simulations, tomog-
raphy was conducted on different GDLs, MPLs and CLs. The principal of each
tomography technique is to record 2D images from different perspectives and to
calculate the 3D structure based on the information contained in all recorded 2D
projections. Two different imaging methods were employed for the structures used
in this work, which are briefly introduced bellow:

3.1. Synchrotron tomography

In synchrotron tomography, precisely defined x-ray light from a synchrotron is used
to irradiate the sample, and to record the attenuation or phase shift of the x-rays.
It is a very variable technique, since the wavelengths of the x-rays can be adjusted
as required by the absorption coefficient of the sample. In some fuel cell water man-
agement studies, resolutions down to 2 µm have been reached using this technique
[33–37]. In synchrotron tomography, the choice of a smaller voxel size leads to a nar-
rower field of view. Using x-rays, this technique is non-destructive, and there is the
possibility of instant imaging, which leads to a rapid construction of the 3D-image
[33, 35].
In this work, the GDL structures were obtained from synchrotron tomography, since
the resolution is sufficient to image the available pore sizes within them.

3.2. Focused ion beam scanning electron tomography

Focused ion beam (FIB) scanning electron microscope (SEM) is a destructive imag-
ing technique. Using a FIB, the sample is eroded layer by layer, and each layer is
subsequently imaged by SEM, which is a technique capable of large magnifications,
since electrons are employed for imaging. Using this combined tomography method
resolutions down to few nanometers have been reached to study materials in various
fields [38–41]. However, if a high resolution is desired, the two step process - milling
and scanning - leads to an increased time for generating an image [42].
In this work enhanced FIB-SEM techniques are employed to image the CL, MPL
and their interface featuring nanoscale sized pores, which are described in more
details in the first and second publications of this thesis.
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4. Other simulation methods

The investigation and optimization of fuel cell systems and the processes within them
are highly time consuming and sometimes not feasible if done purely experimentally.
For that reason, computational methods serve as a mean to perform structural and
performance studies in order to predict an optimized system, which then can be
verified with experiments [18, 19, 43–45]. Although it is possible to study the whole
system with many simplifications in order to keep the computational costs reason-
able [45], this work focuses on the porous media of the GDL and CL investigating
gas and water transport more detailedly. Despite the fact that there are several
other simulation techniques for multiphase fluid modeling in porous media in this
length scale, in this work (K)MC simulation methods have been approached due
to the much lower computational efforts required among all, as well as the possi-
bility of employing real structures instead of simplified geometries. Additionally,
developing a multi-timescaling KMC model has facilitated integrating processes of
different timescales. Some other possible simulation approaches for PEMFC studies
are shortly introduced below.

4.1. Computational fluid dynamics

When talking about gas and liquid mass transport, CFD is a well-known and obvi-
ously useful technique. The mathematical concepts used in the CFD methods consist
of ordinary or partial differential equations. Generally, these types of equations do
not yield analytical solutions and require numerical methods [46]. The CFD tools
are mainly based on fluid mechanics and Navier-Stokes equations, and therefore,
there are some limitations regarding the validity of the underlying physics of these
methods for studying the processes occurring in the smaller length-scales, especially
where molecular effects start to appear. However, this technique provides powerful
tools to study heat and fluid transport in PEMFCs, especially in the channels of
the bipolar plates [44, 47]. However, the computational effort required for meshing
the real GDL structures in the CFD methods, such as volume of fluid (VoF), is
significantly high, and therefore these methods are usually based on artificial GDL
geometries.

4.2. Pore network modeling

Pore network models (PNM) are widely used to study multiphase transport in porous
media [48, 49]. Structures employed can be generated stochastically or reproduced
from tomography [50]. However, due to the large computational efforts required,
usually the simplified geometries are preferred. Over various assumptions, the laws
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of capillary flow and pore diffusion (Knudsen diffusion) are implemented in the
generated networks [51]. This could lead to a more detailed description of the
actual transport processes than the assumption of effective transport parameters as
in CFD. Moreover, multicomponent structures (e.g. TeflonTMand carbon fibers) can
be described. However, the structures used in PNM are still far from reality and the
models usually serve to understand how porous networks work in general.

4.3. Lattice Boltzmann models

The lattice Boltzmann model (LBM) as a different and newer approach of CFD tools
has achieved a considerable success in simulating single and multiphase fluid flows
and heat transport [46, 52]. However, as opposed to the traditional CFD models,
LBMs are not based on the Navier-Stokes equations. Instead, the Lattice Boltzmann
equation is solved, which is a specially discretized form of the continuous Boltzmann
equation [53]. LBMs include processes like evaporation, condensation, cavitation,
heat transport, phase separation, unsteady flows, and interaction with surfaces [52].
LBMs simplify Boltzmann’s original idea that gas comprises interacting particles,
which can be described by classical mechanics and due to their large number, it is
necessary to apply a statistical treatment to study them [52]. The simplification
by the LBM includes reducing the number of particle positions from a continuum
to distinct lattice nodes, and limiting the variation of momenta by confining the
directions and magnitudes of velocity and defining a single particle mass. Despite
the abilities of LBMs in the field of fluid transport in porous media, due to the com-
putational limitations, the structure used in the simulations have usually simplified
geometries, which are obtained from stochastic generation methods [54].
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5. Essential fundamental concepts

Before starting to introduce the theory behind the simulation methods used in this
thesis, few important fundamental concepts are introduced, which are essentially
required for a better understanding of the presented work.

5.1. Statistical ensemble

In statistical mechanics an ensemble is a set (infinitively large number) of possible
states all at once in which a system could exist, which according to Gibbs can have
different types, such as: canonical, grand canonical and microcanonical [55]. In
each ensemble category depending on the type of contact between the system and its
surroundings, a so-called statistical equilibrium will be balanced, which characterizes
the type of the ensemble. For example, a microcanonical ensemble represents all
the possible states of a system, where the total energy (E), the number of the
particles (N) and the system’s volume (V ) are fixed and the system should remain
totally isolated. This ensemble is also known as NV E. In the canonical ensemble
however, the system is in thermal equilibrium with the surroundings at a fixed
temperature (T ). Additionally, in this ensemble the number of the particles and the
volume are fixed, and therefore, it represents a closed system with regard to particle
exchange. Thus, the canonical ensemble is also known as an NV T ensemble. The
grand canonical ensemble, which also present the states of the system in the GCMC
simulations of this work, is a µV T ensemble, where µ is the chemical potential.
In this ensemble in addition to the energy, the number of the particles is also not
fixed and is regarded as an open system. This ensemble comes to an equilibrium
with other systems in the surroundings with the same temperature and chemical
potential.

5.2. Pseudorandom number generator

Pseudorandom numbers (in this work they are referred to as random numbers) are
sequences of numbers generated by an algorithm called random number generator,
that assures the desirable randomness. An alternative method to produce random
numbers is using true random number generators based on random physical phe-
nomena [56]. There are several techniques available for developing random number
generators as hardwares, which can produce sequences of random numbers based
on physical processes, such as noise signals [57–60]. These hardware generators are
however not of interest in this work. The random number sequence plays a cru-
cial role in many areas such as games, statistical sampling, statistical physics, and
stochastic simulation methods. Depending on the application the type of the re-
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quired sequence could be different [61].
In most of the computer languages, there is an already built-in (pseudo)random num-
ber generator, which produces numbers from a uniform distribution. Each generator
starts with an initial value called the seed, and based on that it produces a sequence
of numbers, which have to be statistically independent of each other. Each random
number generator should have the following properties [62]: a generator should pass
a set of statistical tests, which prove the numbers generated are random and indis-
tinguishable. Therefore, it should be based on mathematical principles which allow
for such analysis. Another important property is that the period of the random
numbers should be large enough to avoid duplication and dependency. However,
the process of generating should be efficient in terms of speed and required storage
memory. Additionally, the stream of random numbers has to be reproducible with-
out storing the whole stream in the memory. Moreover, for some applications the
random number generator has to be able to produce multiple streams. It is desired
that 0 and 1 are excluded from the sequence to prevent numerical complications.

5.3. Probability and probability density function

A random event is an event with a chance of happening, which has a numerical
measure called probability. Probability of events can vary between 0 and 1, and the
higher its value the greater the chance of that event to occur. If there is a set of
events, each is characterized by a random variable η, the distribution function F (y)
gives the probability that the occurring random event has a value not larger than a
prescribed y [63, 64]:

F (y) = P (η ≤ y) (5.1)

where, F (−∞) = 0 and F (+∞) = 1. Probability density function f(y) is the deriva-
tive of the distribution function, which gives the relative likelihood for a continuous
random variable to take a given value:

f(y) =
dF (y)

dy
(5.2)

This means, the probability that the random event has a value between a and b is:

P (a ≤ η ≤ b) =

∫ b

a

f(y)dy (5.3)

The random numbers produced by any generator are sampled from a defined prob-
ability distribution. When the distribution is a uniform one on the (0, 1) interval,
the generator is called a uniform random number generator.

5.4. Contact angle and wetting

Although Thomas Young was not the first scientist who tried to apply a law to the
wetting phenomena, his theory could by far be regarded as the first satisfactory one
among the surface chemists, which can be applied to a drop on an ideal surface.
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5.4. Contact angle and wetting

γSL γSa

γLa

Θ

Figure 5.1.: Droplet on an ideal surface

He stated that for each combination of solid and fluid, an appropriate contact angle
between the fluid, which is exposed to the air, and the solid surface will form, that
obeys the Young equation. To derive this equation, it should be assumed that the
solid has an ideal surface, which is homogeneous, rigid and flat in atomic scale [65–
67].

γsa = γsl + γla cos θ (5.4)

In Equation 5.4, γsa, γsl, and γla are the surface free energies (or in this case, surface
tensions) at the solid/air, solid/liquid and liquid/air interfaces, respectively, that
physically represent free energies per unit area or force per unit length. The θ is
called the equilibrium Young contact angle. As it is shown in Figure 5.1, when a drop
is brought to a solid surface, a so-called tripe line is formed between the solid, liquid,
and gas phases. The contact angle (θ) is known to be the macroscopic parameter of
wetting, which is the ability of a liquid to retain contact with the surface of a solid,
and is the result of intermolecular interactions between them after they are brought
into contact [65, 68]. However, the validity of the Young equation has been argued
in the past; since due to the lack of the term γla sin θ in the equation, the vertical
force component is not correctly balanced. This argument was settled by clarifying
that the term γla sin θ corresponds to the strain field in the solid [67].

As mentioned earlier, while dealing with wetting properties of a surface, it should
be noted that a solid surface may be flat, rough, chemically homogeneous, or het-
erogeneous. While studying a real surface, the droplet size needs to be larger than
the roughness scale of the surface, in order to be able to bring this effect into ac-
count. How the liquid spreads on the solid surface is based on its surface energy
minimization, and generally three different scenarios for a sessile drop could take
place: complete wetting, partial wetting or complete dewetting [68]. If the liquid is
water, the surfaces that cause θ < 90◦ are referred to as hydrophilic, and in case of
θ > 90◦ they are called hydrophobic.

The Young equation as shown in Equation 5.4, proposes one single value of the
contact angle for the given ideal solid-liquid pair. However, there could be several
other types of contact angle introduced for the same solid surface and liquid drop
pair. For example, bringing a drop to an inclined ideal surface, which causes a partial
wetting as shown in Figure 5.2, two different contact angles can be recognized (θ1

and θ2). It can be easily deduced that here, the Young equation can not perfectly
suit the situation. Increasing the inclination angle (α) causes an increase in the
difference of these two contact angles, until at some point the drop starts to slide
down on the surface. This critical angle is called sliding angle. Another example
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α

Θ2

Θ1

Figure 5.2.: Droplet on an inclined ideal surface

could be inflating or deflating a drop on a surface with a syringe, which for the
same solid-liquid pair could cause two different contact angles called advancing and
receding, respectively. In case of inflating, the contact angle increases until a certain
volume of the droplet is reached, and from this point on the triple line does not move
anymore. This upper threshold for contact angle is the advancing contact angle. The
opposite situation takes place for deflating, after the lower threshold, which is the
receding contact angle, is reached, the triple line starts to move. The span between
these two thresholds is called contact angle hysteresis [68].
In addition to the introduced mechanical operations above, which caused a variety of
contact angles for the same surface and drop pair, there could also be some chemical
influences, which could cause alteration of the contact angle. A perfect example is
the contact angle between water and Nafion R©, which has a polymeric structure
consisting of polytetrafluoroethylene (PTFE) backbone with sulphonate terminated
side-chains. This combination of hydrophobic and hydrophilic components gives
Nafion R©an extraordinary ability to change its wetting properties with respect to the
quantity of water in contact with it. When the Nafion R©surface is in contact with
water, the sulphonic acid moieties reorient towards water, and therefore the surface
will be hydrophilized with the higher proportion of hydrophilic components. Such
reconfiguration of surface and its effect on the wetting properties of the Nafion R©117
membrane to water were examined and reported by Zawodzinski et al. [69].
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6. About the Monte Carlo simulation

The first sparks of MC simulation method appeared after building the first Ameri-
can electronic computer in the late 1940s [61, 70]. The name of the method refers
to the nature of gambling in Monte Carlo quarter of Monaco, as it uses randomness
and probabilities to solve the problems. This method, which is based on random
sampling in order to get numerical results, has proved to be a feasible approach
to statistical mechanical problems, which oftentimes are not solvable analytically.
The most famous of MC algorithms is the Metropolis algorithm. Metropolis et al.
developed a modified MC algorithm for single particle trial moves by random dis-
placement, where a system can be in a certain state of potential energy (E) with
a probability given by the Boltzmann distribution [71]. In other words, the prob-
ability of change in the energy state of the system is defined by the Boltzmann
factor, which is the ratio of Boltzmann distributions of the final and initial states
(exp (−∆E/kBT ), where kB is the Boltzmann constant and T is the temperature).
In this algorithm, if the move minimizes the energy of the system (∆E < 0), the
calculated probability will be greater than 1 and the displacement is allowed. How-
ever, the move is also allowed when it brings the system to a higher state of energy,
but under one condition: after generating a random number between 0 and 1, if
the probability of the move, which is defined by the Boltzmann factor, is higher
than the generated random number, the move takes place. Otherwise, the system
remains in its old state. This was a simplified and brief explanation of how a system
using a Metropolis algorithm propagates. However, to understand and employ this
numerical technique in different studies, at least some basic knowledge of statistical
mechanics is required. Over years, MC simulation methods have successfully been
applied to predict not only the equilibrium properties of different processes [72, 73],
but also the dynamic evolution of the systems, such as reaction kinetics, transport,
and crystal growth [74–86].
In this chapter, a general introduction on the GCMC and KMC methods is given.
However, the details of the models developed based on these methods will be ex-
plained within the next chapters and the published papers.

6.1. Grand Canonical Monte Carlo

Each statistical ensemble can be represented by a particular partition function,
which is a function of the thermodynamic variables of a system. A partition function
is capable of describing a system in thermodynamic equilibrium in terms of its
statistical properties. A grand canonical partition function describes the statistics
of a system of constant volume that exchanges particles and heat with a reservoir,
which has a constant temperature and chemical potential. Grand canonical ensemble
(µV T ) Monte Carlo is suitable for investigating low density liquid and vapor phases,
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although the NV T ensemble is more suitable for solids and dense liquids with no
change in phase and small compressibility [87]. This is simply due to the fact that
in a dense system it is unlikely to find room to insert particles in random positions.
Consequently, due to the large number of the rare events the convergence of the
system is extremely slow [88]. If we have a system of N identical particles in a
configuration qN , the partition function for this system is given by [89]:

Q(N, V, T ) =
1

Λ3NN !

∫ L

0

...

∫ L

0

dqN exp(−βE(qN)) (6.1)

where, Λ =
√
h2/(2πmkBT ) is the thermal Broglie wavelength (where, h is the

Planck constant and m is the mass of gas particles), L = V
1
3 is the size of the

cubic system, and β = 1/kBT is the thermodynamic beta. By defining the ’scaled’
coordinates sN as [89]:

si =
qi
L

where, i = 1, 2, ..., N , Equation 6.1 can be re-written as shown below in Equation 6.2,
although E is rather a function of ’real’ coordinates than the ’scaled’ ones:

Q(N, V, T ) =
V N

Λ3NN !

∫ 1

0

...

∫ 1

0

dsN exp(−βE(sN)) (6.2)

Let us assume that there is a membrane that separates the system from a reservoir,
through which particles can be exchanged. If the total volume of the system plus
reservoir has a value of V0, and there are a total of M particles available there, the
volume accessible to m = M − N particles out of the system is equal to V0 − V .
It is assumed that the particles in volume V0 − V do not interact (ideal gas). The
partition function of the total system, which consists of two sub-systems, can be
written as [89]:

Q(N,m, V, V0, T ) =
V N(V0 − V )m

Λ3MN !m!

∫
dsm

∫
dsN exp(−βE(sN)) (6.3)

where, the integral over the sm scaled coordinates for the non-interacting parti-
cles (ideal gas) (

∫
dsm) is equal to 1. Clearly, the most probable configuration for

the particles is the one at which the total free energy of the combined system is
minimized. The total free energy can be calculated using Equation 6.4:

Ftot = −kT lnQ(N,m, V, V0, T ) (6.4)

The probability density of finding N particles at the scaled coordinates sN in volume
V can be given by Equation 6.5:

P (N) =
V N(V0 − V )m

Q(M,V, V0, T )Λ3MN !m!
exp(−βE(sN)) (6.5)

By having a trial move through which a particle is transferred from the reservoir
to the same scaled coordinate in the system, the potential energy function of the
system changes from E(sN) to E(sN+1). The probability of acceptance of a trial
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move in which a particle is moved to, or removed from the system can be determined
by the ratio of the probability densities of the new and old states [89]:

PN−→N+1 =
V (M −N)

(V0 − V )(N + 1)
exp(−β(E(sN+1)− E(sN))) (6.6)

PN+1−→N =
(V0 − V )(N + 1)

V (M −N)
exp(−β(E(sN)− E(sN+1))) (6.7)

If the reservoir is assumed to be much larger than the system (M −→ ∞ and
V0 −→ ∞), and the particles in the combined volume have a density of ρ, which
for an ideal gas (non interacting particles in the infinitely large reservoir) is related
to the chemical potential µ through the equation µ = kBT ln Λ3ρ, Equation 6.6 and
Equation 6.7 can be written as follows:

PN−→N+1 =
V

N + 1
Λ−3 exp(βµ) exp(−β(E(sN+1)− E(sN))) (6.8)

PN+1−→N =
N + 1

V
Λ3 exp(−βµ) exp(−β(E(sN)− E(sN+1))) (6.9)

These two equations are the basic equations for GCMC simulations [89]. In the
Metropolis algorithm the trial particle addition (removal) is accepted if PN−→N+1 >
r (PN+1−→N > r), where r ∈ (0, 1) is a random number drawn from a uniform
distribution.

6.2. Kinetic Monte Carlo

In the 1960s researchers started to develop another type of MC algorithm for study-
ing the dynamical evolution of the systems with time. There were applications in
different fields, even in the early stages of the development of the method. The
terminology for this approach has been settled as kinetic Monte Carlo (KMC). In
the molecular or atomic scale, molecular dynamic (MD) simulation is used as a
premier approach, which is able to yield accurate representations of the dynamical
evolution of the system using a set of boundary conditions and choosing correct
interatomic potentials. However, in order to resolve the atomic vibrations the time
steps need to be short enough and therefore the whole simulation time might not
exceed a microsecond [82] . This is a severe limitation for the processes with long
duration. However, the KMC approach is able to model processes of different time
and length scales, if the correct underlying physical equations are applied in the sim-
ulations [83, 90, 91]. Nevertheless, the KMC simulation methods can be classified
differently, which is explained below:

Off-lattice and on-lattice For every material contributing in each process, the
system tends to reach the minimum state of energy, thermodynamically. Atoms
and molecules vibrate around minima of free energy, which are separated by energy
barriers. Now and then the particles try to jump from one minimum to another one
nearby. Based on this, the Metropolis algorithm and the algorithms based on it are
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able to model the systems, in which atoms and molecules do not have prescribed
spatial positions in space, but the locations are rather defined by minimization of
the free energy. Therefore, in a so-called off-lattice simulation, there is a continuous
coordinate space. This class of KMC simulations are really helpful when dealing with
processes including microstructural evolutions, which are not necessarily stuck to the
lattice sites, such as interstitial atom diffusion and aggregation [92]. However, in
some physical systems, there is a large difference between the time scales required for
thermal vibrations and the actual processes. This time separation in the numerical
analysis is called stiffness. In stiff systems, sampling the fast vibrations takes most
of the computation time and the slower jumps happen less frequently. A solution to
this type of stiffness is on-lattice KMC simulations. In this type of simulations, where
particles are located on the lattice sites, the effect of thermal vibrations associated
with the transitions can be eliminated [83, 93].

Null-event and rejection free Based on whether or not all the events are
successful, the simulation algorithm could have the type of rejection free or null
event. In contrast to the rejection free method, where there is no unsuccessful
process, in the null-event approach the decision for the trials are made based on the
energy minimization. If the energy of the system decreases, the probability of the
process to take place is equal to 1, and if not, the probability is less than one. The
Metropolis algorithm is an example for a null-event algorithm [83]. A null event
algorithm has normally 4 steps [83]:

Step 1, picking a site: Site i is chosen from a uniform distribution among
the total number of sites (Ntot) with a probability of psitei :

psitei =
1

Ntot

(6.10)

To choose the ith site randomly, a random number r1 ∈ (0, 1) from a uniform
distribution is used. If the command floor rounds a real number to the closest
lower integer, the ith site is chosen using the equation below:

i = floor(r1Ntot) + 1 (6.11)

Step 2, computing the transition rates: The transition rates (ωij) are only calculated
for the chosen site, i, for all the possible processes for that site j ∈ (1, Np). Here,
Np is the total number of the processes, which can occur at site i. As mentioned
before, only some of the processes are accepted. Therefore, if εij ∈ {0, 1} is the
participation index of site i in process j:

ωij = ωjεij =

{
ωj process is accepted

0 process is rejected
(6.12)
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Step 3, normalizing the transition rates: In order to obtain the probability of choos-
ing the jth process as a value between 0 and 1, a suitable rate should be chosen to
normalize all the transition probabilities. It should be ensured that this normaliza-
tion rate is the same for all the sites in the system, otherwise sampling will take place
from different distributions. Therefore, usually a normalization rate is calculated at
the beginning of the simulations and is kept constant thereafter. A common way to
calculate a normalization rate (ωmax) is to sum up all the microscopic rates at each
site and choose the maximum over the entire lattice:

ωmax = max
i=1,...,Ntot

{
Np∑
j=1

ωij

}
(6.13)

Therefore, the occurrence probability of the jth process is:

poccurancej =
ωij

ωmax

(6.14)

Step 4, choosing a process: In order to choose a process a second random number
(r2) from a uniform distribution in the (0, 1) interval is required. The Jth process
is selected, if:

J−1∑
j=1

poccurancej < r2 ≤
J∑

j=1

poccurancej (6.15)

The clock advancing occurs only for the successful events and not for the null events.
Therefore, the probability of success for each picked event should be considered in
the time increment of a null-event method. The probability of the successful jth
event is given in Equation 6.16. The average time increment after the jth process
took place is given by Equation 6.17.

psuccessij = psitei poccurancej =
1

Ntot

ωij

ωmax

(6.16)

∆tj = psuccessij

1

ωij

=
1

Ntotωmax

(6.17)

After selecting and executing the chosen process, this algorithm is repeated for a
desired number of steps.

The best known rejection free method is the direct KMC method [94]. In
the direct KMC, in contrast to the null-event, all the transition rates are calculated
prior to selecting an event. This algorithm has two main steps [83]:

Step 1, Choosing a site and a process: The probability of choosing the jth
process from the ith site is given by Equation 6.18. In contrast to the null-event
algorithm, in the direct KMC, the selection of the site i is not from a uniform
distribution, since it is directly proportional to the transition rates of the processes
of that site (ωij).
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pij =
ωij∑Np

j=1

∑Ntot

i=1 ωij

=
ωij

ωtot

(6.18)

In order to make a selection, a random number from a uniform distribution is re-
quired (r1). The Jth process from the Ith site is selected, if:

J−1∑
j=1

I∑
i=1

ωij < r1ωtot ≤
J∑

j=1

I∑
i=1

ωij (6.19)

Step 2, Clock increment: The time increment is done using a second random number
from a uniform distribution, r2, via the equation Equation 6.20. Here, there is no
trace of the probability of the successful event, since every event is successful.

∆t = − ln r2

ωtot

(6.20)
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The focus of this PhD study is on water management within the porous media at the
cathode side of the PEMFCs employing the Monte Carlo simulation technique. The
work is divided into two major parts: steady-state and dynamic (time dependent)
studies. The steady-state study is performed by further developing a GCMC model,
which had been developed to simulate the distribution of liquid water in the GDL
material [19], to be able to perform simulations in the CL and its interface with the
MPL. The second part of the work, which is focused on the evolution of the system
with time, is accomplished by developing a new multi-timescale KMC model. In
this chapter, these two methods are introduced.

7.1. Grand Canonical Monte Carlo

In this work, the aim of the simulations using the GCMC model is to observe the
liquid water quantity and dispersion in the MPL and CL structures after reaching a
steady-state. In these simulations, the possible effects of the material surface char-
acteristics and the thermodynamic boundary conditions on liquid water distribution
are investigated, particularly in the interfacial region of the CL and the MPL, where
these properties vary.
The MC model is an object-oriented program implemented in C++, which demands
several external inputs to be able to run the simulations, as shown in Figure 1.1.
The simulation volume consists of a 3D grid with a variable voxel size, and the
external inputs include information about the grid and the voxel size, the real struc-
ture, and the thermodynamic boundary conditions. Every voxel is defined by its
type, temperature, partial water- and absolute pressure, and - in case of being liquid
water or vapor - the chemical potential. The model consists of movement, evapo-
ration, and condensation of water. The type of each voxel characterizes its wetting
properties towards water, which will be used to calculate the possible surface en-
ergies. The decision for water voxel movement is made based on surface energy
minimization. Condensation and evaporation events take place based on chemical
potential calculations. Further details about the GCMC model are explained in the
dissertation of Katrin Seidenberger [1]. However, this model is further developed for
simulations in the CL structures. This step required introducing new material(s)
and the corresponding physical properties to the simulations, which could affect the
local and overall behavior of the system towards species distribution and transport.
Introducing the CL to the model required sufficient understanding of its chemical
composition and physical properties. The PEMFC CL consists mainly of ionomer,
catalyst support, and catalyst particles. Therefore, in order to propose an accurate
surface contact angle to water for the whole CL, the contribution of each member
should be brought into account. However, the smallest voxel size used in the MC
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simulations was 50 nm, which is not small enough to represent the catalyst particles
having the size of only few nanometers. Thus, the coverage of the catalyst particles
is considered to be negligible in this case. Based on the work of Hiesgen et al. [95],
where the average ionomer content of a Nafion R©-based MEA was reported to vary
between 30% and 60% with the distance to the membrane interface, for the MC sim-
ulations in a Nafion R©-based CL, a surface coverage of 50% is assigned to each of the
ionomer and catalyst support materials. Each material is then randomly distributed
in the CL structure according to the given coverages. For this purpose, firstly, by
converting the tomography results to a structure file readable by the MC algorithm,
the CL is regarded as a new structure. This conversion gives every component in
the structure one value according to its gray-scale. As the second step, since the CL
itself comprises two sub-components (the CL support and the ionomer), the surface
contact angles of these components are introduced to the simulations, which then
using the given surface coverages are randomly assigned to the voxels hosting the
CL material. The calculations corresponding to water movement, condensation, and
evaporation are performed as described in the dissertation of Katrin Seidenberger
[1].
Additionally, a new pore analysis method is developed to study the relation be-
tween the pore sizes and the pore filling degrees of the simulation results, as well as
the pore size distribution in structures. More details about this analysis method is
available in chapter 8.

7.2. Multi-timescale Kinetic Monte Carlo

KMC is a method to study the dynamical evolution of a system with time. The
KMC model developed in this work, similar to the GCMC one, is an object-oriented
program written in C++. The main goal of the simulations employing this technique
was to study the changes in amount and distribution of the liquid water in the GDL
structure with time, and to investigate the dependency of this behavior on the
operating conditions, such as current density.
The KMC algorithm had been previously developed to its early stages, where it
was able of calculating the rate constants required for water movement processes,
and choosing among them to forward the system to a new state. This old algorithm
was employed to simulate water droplets spreading on surfaces with different wetting
properties. In order to validate the integrated water movement process in the model,
the simulation results were compared to real droplet images taken by a high-speed
camera [1, 96]. This comparison has helped to find out some empirical constants
used in the model, as will be explained later. However, in the present work, the new
KMC model is developed towards fuel cell applications. This has been accomplished,
firstly, by direct integration of current density to the algorithm, and adding a source
of water resembling the water production process in the reactions sites of a PEMFC
cathode. Secondly, since the rate of water generation and movement are orders of
magnitude apart, a multi-timescaling method has been introduced to the algorithm
in order to include both processes. In this section, the model is introduced stepwise,
and it is explained how these steps affect each other on the simulation pathway.
In the KMC model, we deal with an infrequent event system, in which the dynamics
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is characterized by transition from one state to another. In this system, the time of
each transition is assumed to be long enough that the system forgets how it reached
there. In other words, all the states which precede the actual state will not have
an influence on the system propagation. For every transition there is a path and
for each path there is a rate constant, which corresponds to the probability per
unit of time of this event to take place. The faster the event, the larger the rate
constant and therefore, the higher the chance of this event to be selected among all.
Thus, employing the standard KMC algorithm to model the stiff systems, which
include processes of different timescales, could result in sampling only the faster
reactions. Consequently, the clock will be incremented by the short time steps
of these reactions, and eventually, the total simulation time might not even reach
the required time span for one slow process. There have been different studies on
modifying KMC algorithms to overcome the problem of stiffness of such systems
using different solutions, such as forcing the slower reactions to take place, or by
modifying the rate constants [90, 91, 97–102]. In this work, however, the former has
been implemented in order to develop a multi-timescale model. By considering every
water voxel in the system as a site and every path to escape as a process, the KMC
model - before multi-timescaling was introduced to it - included five major steps
in every iteration: 1) spotting every site and calculating the rate constants of its
relevant processes, 2) selection of one process, 3) making the move and incrementing
the time, 4) generating the relevant amount of water using the current density and
step time, and 5) adding the water to the system. By running the simulations a
few times, it was found out that the movement of one water voxel was averagely
108 times faster than generating one. Thus, during the test simulations having
50 million iterations, the time has not been enhanced long enough to produce one
water voxel. Therefore, after a few attempts the algorithm was upgraded to a multi-
timescale KMC model, which let both of these different timescale processes to be
sampled with affordable computational efforts. For this purpose, an interval has
been defined for the slower processes, which is called the ”multiscaling step”. The
standard algorithm runs for these number of steps, which is given as an input value,
minus one. During these steps, where most probably only movement of water voxels
occurs, the corresponding generated water is computed and summed up. At the
multiscaling step, the clock will be incremented with a larger step time, which is
defined at the beginning of the simulation as another constant input value called
”multiscaling step time”. Afterwards, for this larger time step, the amount of water
produced is calculated using the current density. The step by step pathway of the
multi-timescale KMC model is illustrated in Figure 7.1. The multiscaling could be
switched on or off before starting the simulation.

As a validation method, the results of two KMC simulations starting from an al-
ready reached steady-state water distribution are compared, which ran once with
and once without the multiscaling mode, while all other parameters remained un-
changed. This comparison, which can be found in Paper 3, shows that after a
steady-state has been reached, the majority of water clusters remain unchanged in
shape and location. Therefore, even with longer simulated time, there would be no
major difference in the results, except for the new water voxels that have entered the
structure as the result of water production during the larger time steps. Thus, for
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the simulations with multi-timescaling mode, the structure contains larger amount
of water near the reaction layer. Therefore, it is assured that: firstly, for each simu-
lated time the corresponding amount of water produced is accurate and calculated
according to the current density, and secondly, the already existing water voxels
are correctly distributed, since the simulations have begun from a steady-state, and
further development of the system is in favor of reducing the surface energy.

Calculation of the rate constants

The rate constant characterizes the probability of the system to escape from one
state to another per unit of time. As mentioned before, an infrequent event system
loses the memory repeatedly about how it entered the last state and where it had
wandered vibrationally before the event finally took place. Therefore, during each
time increment, the probability of escape through each pathway remains the same,
and this leads to a first-order process with exponential decay statistics [82]. In the
KMC model Equation 7.1 is used to calculate the rate constant of each process:

ωj = ω0 exp (−β∆E1) (7.1)

where,
ω0 is an empirical pre-exponential value [s−1],
∆E1 the energy which should be overcome for moving from one state to another
[J ],
j is the number of the process, and
β is a modified thermodynamic beta [J−1], defined as given bellow:

β =
1

NGkBT

where, NG is the number of the water molecules in the surface of a water voxel,
and is the only parameter which causes this beta to differ from the one introduced
in Equation 6.1. This parameter is calculated using the approximate thickness of
the water voxel surface and the water density there. The value employed for the
thickness of the water voxel surface is taken from the MD study by Raymond et al.,
where the surface of a water molecule is determined by the reduction of the average
number of the hydrogen bonds [103].

Figure 7.2 shows an example of a reaction path in which the energy decreases after
moving to the final state. In the KMC model, ∆E1 has two main parts:

∆E1 = Ef − Ei︸ ︷︷ ︸
Surface energy difference

+ Ed︸︷︷︸
Energy required to detach

(7.2)

The term Ef − Ei gives the surface energy difference between the old and new
states - multiplied by the surface area of one face of a voxel - made by moving
a water voxel from one site to another. In order to calculate the energy of the
system at each state, all the neighbors in a cube of 3 × 3 voxels are considered
having the water/air voxel under study located at the center. However, depending
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7.2. Multi-timescale Kinetic Monte Carlo

Figure 7.1.: Stepwise illustration of the multiscale KMC algorithm. The amount of
water in the ”Add water” step is calculated using the current density.
The decision of having multi-timescale, the current density, and the
”multiscaling step” number, which defines the intervals between the
slower processes of water generation, are given to the simulations as
inputs.
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Ei
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E

ξ

Figure 7.2.: Reaction path of a process in which the energy state of the system is
minimized.

on the distance of the neighbors, specific weight factors are used for counting them.
These wight factors for direct, diagonal, and corner neighbors are considered to be
1, 0.125, and 0.037, respectively. The Ei is calculated by summing up the surface
energies between the water voxel and its neighbors at the initial position, and that
of the air voxel at the final position. The Ef is calculated likewise but for replaced
water and air voxels. This way of calculating surface energies is similar to that
of the GCMC method described in detail in [1]. This assures that in the KMC
model, minimization of energy state of the system has been integrated, and it will
approach a correct physical equilibrium during the simulations. The term Ed is the
detachment energy, which should include all the factors that could make the jump
more difficult, such as: the inertia, the static friction, and the surface interactions.
By adding this term to the ∆E1, we make sure that the processes, which are in terms
of these factors less likely to take place, are slowed down. Equation 7.3 defines the
Ed:

Ed = Ed,o

N∑
i=0

ni∆γ (7.3)

where,
Ed,0 is an empirical constant,
ni is the number of neighbors of type i,
N is the number of all the existing material types in the structure, including water,
and
∆γ is the change in the surface energy at the initial site, if the water voxel moves
and therefore, is replaced with air:

∆γ =

{
γSolid−Air − γSolid−Water if neighbor is a solid surface

γwater if neighbor is water
(7.4)

The parameters ω0 in Equation 7.1 and Ed,0 in Equation 7.3 have been estimated
in the dissertation of Katrin Seidenberger [1]. The simulation results using these
estimated values were reproducible and have agreed to the experimental results by
Bird et al. [96]. In these experiments, small drops of water were placed on homoge-
neous surfaces with different wetting properties. The temporal propagation of the
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contact radius of the water droplets on the respective surface was investigated using
a high speed camera. The propagation radius has been plotted versus time. The
experiments showed that these results are not only dependent on the surface con-
tact angle, but also on the initial droplet size. However, the authors have eliminated
this dependency on the droplet size through a normalization on both propagation
radius and time scales [96]. The same process was modeled in the simulations and
it was proved that using these estimated values for ω0 and Ed,0, the trends of the
mentioned plots in the experiments by Bird et al. were qualitatively reproduced
in the simulation results. Additionally, the simulation outcomes showed a similar
qualitative dependency on the initial droplet size [1]. The values used in the KMC
simulations are:

ω0 = 5× 108s−1

Ed,0 = 1× 10−14

Site and process selection

This model is a type of direct rejection free KMC, where all the rates (ωj) are calcu-
lated before selecting an event. Therefore, the probability of an event to be selected
is proportional to its rate, and the selection is not from a uniform distribution. Fig-
ure 7.3 is a simplified illustration to show how a process is picked. Assuming there
is a total of N water sites in the grid, the location of each water site (i) is detected.
For each water site, all the 6 direct neighbors are checked and each hop to an empty
neighbor is considered as a possible process (j). For example, in Figure 7.3, water
site number 2 has only 2 empty neighbors, and therefore provides the possibility
of only 2 processes. For each process a rate constant (ωj) based on the change in
the surface energy is calculated, as explained in the previous section. These rate
constants are then stored in a vector. The processes are selected randomly (with
defined probabilities) and regardless of the number of the water site. In order to
choose a process, first a random number from a uniform distribution r1 ∈ (0, 1) is
drawn. The process J among the total P processes is selected if the condition in
Equation 7.6 is met.

ωtot =
P∑

j=1

ωj (7.5)

J−1∑
j=1

ωj < r1ωtot ≤
J∑

j=1

ωj (7.6)

After a process is selected, the corresponding water voxel is moved to the new
position. By moving the water voxel, not only this voxel but also the whole system
has reached a new state. This process will be repeated in each iteration.
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Figure 7.3.: Simplified illustration of picking a process j ∈ [1, P ] in the KMC model,
among N water sites. Each box represents the rate constant (ωj) of that

process. The process J is picked, if Pick ≤
∑J

j=1 ωj. In this example
J = 10.

Time increment

In each simulation iteration, the duration which the occurring process requires to
take place in reality should be estimated. The clock is incremented differently for the
normal simulation steps and the multiscaling ones. For the normal iterations, after
moving one water voxel, a random number is drawn from a uniform distribution
r2 ∈ (0, 1). Using this random number the step time for this iteration is calculated
using Equation 7.7. Moreover, when the iteration count meets a multiple value of the
given multiscaling step, the clock will be incremented with the larger multiscaling
step time, which has a constant value given to the simulation as an input. In
these multiscaling iterations only water is added to the structure, and no movement
takes place. The corresponding amount of water for each step time, normal and
multiscaling, is calculated using Equation 7.12, as will be explained in the next
section.

∆t = − log
r2

ωtot

(7.7)

Generated water as the result of current density

Water generation in the cathode CL of a PEMFC takes place as the result of the
chemical reaction between hydrogen and oxygen, as shown in Equation 7.8.

2 H2 + O2 −−→ 2 H2O (7.8)

By breaking this overall cell reaction into the anode and the cathode half-reactions
shown in Equation 7.9 and Equation 7.10, respectively, it can be noted that for each
water molecule formed, two electrons are required to be transfered.

2 H2 −−→ 4 H+ + 4 e− (7.9)

O2 + 4 H+ + 4 e− −−→ 2 H2O (7.10)

Using this stoichiometry, the Faraday constant, and the current density, the rate of
water production can be calculated by Equation 7.11.
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ṅwat =
JA

2F
(7.11)

where,
ṅwat is the rate of water generation [mol s−1],
J is the current density [A cm−2],
A is the surface area of the reaction layer [cm2], and
F is the Faraday constant.

Using the result of this calculation, the number of water voxels generated during
each step time can be found by Equation 7.12.

vwat =
ṅwatMwat

ρwatVV oxel

∆t (7.12)

where,
vwat is the number of generated water voxels,
Mwat is the molar mass of water [g mol−1],
ρwat is the density of water [g cm3],
VVoxel is the volume of each voxel in the simulation grid [cm3], and
∆t is the computed simulation step time [s].

As mentioned before, in the simulations performed in this work, the amounts of
water generated during the conventional steps (movement) have been relatively small
taking up less than one voxel volume (for the employed voxel volume and current
density values). However, these small water volumes were summed up step by step,
and inserted to the structure as soon as they reached the volume of a voxel. However,
the water generation took place mainly during the multiscaling steps having longer
durations.
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8.1. Simulation analysis

Both standard MC and KMC algorithms are designed to return the results in GNU
machine object (.gmo, ASCII-text) and protein data bank (.pdb) formats for every
defined number of steps. These results include the information about the location
and the type of each material in the simulation volume at the iteration they
represent. The solid material, which represents the structure, remains unchanged
during the simulation, and therefore the results deliver mainly the information
about the liquid and gas phases. In the standard MC simulations, although the
only result that is of interest will be obtained after reaching a steady-state, by
storing the status of a simulation regularly during its runtime, it can be assured
that if for any reason an unexpected break occurs, the simulation can proceed
further from the last recorded step. Additionally, it is possible to observe the results
anytime during the runtime. This helps to detect any mistake, in case of having
one, without waiting for the simulation to end. However, in the KMC model, where
the evolution of the system is under study, the series of the results are of interest.
Therefore, it is important to find a compromise between the temporal resolution
of the results and the amount of produced data. In this work, for both MC and
KMC simulation results, separate MATLAB R© analysis algorithms are written.
Each analysis includes pore filling degree of the structure with liquid water in 1D
(along the z-axis: from the CL to the channel), in 2D (over the xz-plane: from
under the rib to under the channel regions), and 3D water distribution within the
structure. The 3D results are qualitative representations of the effect of operating
and thermodynamic boundary conditions, as well as different surface properties on
the amount and distribution of liquid water within the structure. However, the 1D
and 2D results can illustrate statistical information on the presence of water locally
in the structure. Nevertheless, the information about the size of the existing pores
and the availability of them locally could not be determined directly from these
results, and required further investigations, which is explained in the next section.

For the standard MC simulation results, since no time axis is included, only the
final state (steady-state) of the system is selected to be analyzed. A steady-state
is defined as follows: convergence of the condensation and evaporation events’
count, and stability of the inner-hydration value of the structure. Usually, a very
large maximum iteration number is given as an input to the simulations, which is
not often required to be reached. Therefore, these factors are every now and then
checked during the runtime. In the simulations presented in this work, after the
criteria for reaching a steady-state were met, the simulations have run for further
five thousand steps, to firstly, make sure that the aforementioned factors were stable,
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and secondly, produce the required analysis data. At the end of each simulation
an output called ’hydration’ is produced, which includes the information about the
probability of each voxel of the simulation volume to host water. It is decided that
only the voxels with a probability of at least 70% can contain water. Therefore,
using a C++ algorithm, a data file (.dat) for further MATLAB R© analysis is pro-
duced, which includes this lower probability limit. Additionally, this 3D probability
information on presence of water is used in another C++ algorithm, to calculate the
average 2D and 1D information along different directions. All these data files are
then fed into the self-written MATLAB R© analysis script for evaluation. Although
the 1D and 2D results do not include the structural information and illustrate only
the probability values of filling with water, the 3D illustrations should contain this
information. Therefore, the dry structure is employed as another input for the 3D
analysis, which is plotted prior to the hydration information from MC simulations.
Since, the pore size distribution information is not included in the aforementioned
analysis, no accurate quantitative information about the relation of the pore size
and the degree of filling can be attained. Hence, further investigation was required
on this topic. The discussion of the MC simulation results can be found in chapter 9.

As opposed to the standard MC simulations, for the KMC simulations a series of
results are required in order to illustrate the changes occurred in the system over
time. However, the KMC simulations run also until a steady-state is reached in the
water distribution within the structure, and the results show a stable behavior. In
order to affirm the steady-state, the number of water voxels which enter and exit
the structure should converge with time, and the water distribution in the system
should not vary significantly. The amount of output data for each simulation can be
controlled in two steps: once during the simulation, and the second time before the
analysis, where the outputs are filtered in order to obtain the ones getting analyzed.
This, however, could be changed according to the time resolution required for each
series of results. For the KMC analysis, the .pdb files are directly picked as the
inputs by the other self-written MATLAB R© program with a predefined interval,
and get analyzed by the Bioinformatics toolbox. Thus, for each voxel in the whole
simulation volume, the type and the corresponding coordinates can be recognized.
Having this information, two matrices are produced, which include the location of
water and the structure separately. Using these two matrices and some rendering
effects, a 3D figure for the selected simulation iteration can be plotted. This process
will be repeated for the whole selected number of iterations, and at the end a short
animation is produced, which illustrates the movement of liquid water within the
structure with time. Another interesting way of observing the water movement is
the 1D illustration from the CL side to the channel. For this purpose, the pore
filling degree information obtained is averaged over the other two axes. Following
the same procedure as explained for the 3D results, the 1D figures can be plotted
and used for a short animation as another output of the analysis.
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8.2. Pore filling degree analysis

A new pore analysis method is developed using three different softwares: CTAnal-
yser (CTAn) from the c©2003-11 SkyScan, c©2012-14 Bruker microCT instrument,
ImageJ and MATLAB R©. Firstly, the MC simulation results are converted from .pdb
format files to bitmap image files (.bmp) using a C++ program, in order to be read-
able by the CTAnalyser software. Since in this program there is a gray-scale for the
existing materials in the image stacks (different structural components, water and
void), it is possible to adjust the visibility of each material by setting the upper and
lower thresholds. In this pore analysis study, two sets of information are of interest:
the pore size distribution of the dry structure, and the relation between the pore
filling degree and the pore size in the hydrated structure. Therefore, as the second
step, using the CTAnalyser software a task list including several items has been set
up, which the program applied to the whole image stack. The first task was to load
the images into the program. Secondly, thresholding has been applied in order to
only include the material of interest (structure or water). The next two steps were
the 3D and the individual object analysis, which calculated the 3D parameters, such
as the number of objects (pores or water clusters), the dimension of them, and some
other analysis results printed in a text file. In the 3D analysis of this program there
are two modes, which can be chosen before the analysis starts: separation and thick-
ness, which are meant for pore space and material measurements, respectively. In
addition to the text file, a new stack of images is created after each 3D analysis,
which represents the objects in a color-coded manner. Each color represents the
objects with the same volume. By performing this list of tasks for the structure
(GDL, MPL and/or CL), and water separately, the created color-coded images rep-
resent pores and water clusters within the structure, respectively. Each color gives
an integer value to the objects, which represents a size span that is introduced in
the produced text file. As the next step, these two color-coded stacks of images are
imported in ImageJ. This software is capable of mathematical operations on images,
such as adding, subtracting, multiplying, and dividing. By dividing the color-coded
images of water clusters by those of pores, another stack of images is created, which
includes the values of pore filling degree. Another capability of ImageJ is saving the
coordinates of the images, which can yield a matrix including the coordinates and
the value of each pixel for the whole stack of images ([x y z value]). By performing
such calculation for the structure image stack as well as the pore filling degree one
(produced as the result of dividing), the pore size and the filling degree for each
coordinate is assigned. Importing this data to a self-written MATLAB R© program,
a 3D survey on the simulation volume is performed and as the result, the pore size
distribution and pore filling degrees versus pore size are plotted. These results for
MPL and CL structures are presented in Paper 1 and 2 [5, 6].
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The distribution of liquid water agglomerations within a catalyst layer and a microporous layer of a polymer electrolyte membrane
fuel cell employing a Monte Carlo model are simulated. The simulations are based on real material structures and locally resolved
operating conditions. The 3D material structures are obtained from focused ion beam tomography capable of nm-scale imaging. The
local temperature and the relative humidity profiles are provided by a computational fluid dynamics simulation, based on a single
channel fuel cell model taking into account all relevant transport and electrochemical processes. The results of this Monte Carlo
study confirm the strong dependency of the water saturation in the catalyst layer and microporous layer on the structural parameters
and operating conditions, such as: wettability, pore size and local temperature and relative humidity.
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Liquid water agglomerations within the gas diffusion layers (GDL)
of polymer electrolyte membrane fuel cells (PEMFC) can obstruct the
diffusion of the reactant gases from the gas flow channels to the cata-
lyst layer (CL) and therefore, slow down the electrochemical reaction
and reduce the overall cell performance.1 On the other hand, an ade-
quate humidification of the membrane and the ionomer component of
the CL is required to ensure the rapid proton transport to the reaction
sites at the cathode side. In the recent years, a considerable experi-
mental and simulation progress has been made on understanding the
formation of liquid water agglomerations in the GDL fiber substrate,
which has helped to decode the mass transport processes of reactants
and products.2,3 However, this knowledge about the microporous lay-
ers (MPL) of the GDLs and the CL seems still not to be as expanded
and deserves further attention.

In the recent past advanced X-ray and neutron tomography tech-
niques have been successfully employed to elucidate the properties
of liquid water in the GDL substrates and fuel cell flow fields.4,5

However, the nm-scale pore sizes relevant in the MPL and CL, and
the interference of the catalyst layer platinum content on the image
acquisition constitute fundamental challenges for the aforementioned
techniques in these structures. Additionally, the high-resolution to-
mography techniques capable of reconstructing the nano-structures
of these materials are based on electron microscopy and therefore,
are not able to image the water distribution in the MPL and CL of
an operating cell. Thus, the aim of this work is to employ simulation
techniques in order to model the dispersion of liquid water agglom-
erations in the real MPL and CL structures. Monte Carlo (MC) is
a numerical technique, which was used for the first simulation of a
liquid by Metropolis et al.6–8 This method, which is based on random
sampling of the processes, has been successfully employed to solve
different statistical mechanical problems over years.9–11

In this study, focused ion beam – scanning electron micro-
scope (FIB-SEM) nano-tomoghraphy, a computational fluid dynam-
ics (CFD) study and a refined MC simulation model are combined in
order to address the existing challenges in the experiments and the
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simulations on nm-scale. An MC model, which has been successfully
developed to simulate the liquid water distribution in the GDL sub-
strate structure,2,12 is further developed to be capable of simulations
in the CL structures.

The MC Simulation Inputs

The inputs of the MC simulations are: the real 3D material struc-
ture, the structural and surface characteristics and the boundary con-
ditions. These inputs are provided by three parallel studies, which are
explained below.

Tomographic reconstructions of CL and MPL.—For the CL
structure a reconstructed dataset based on a FIB-SEM tomography
of a Gore PRIMEA A510.1 M710.18 C510.4 membrane electrode as-
sembly (MEA) was taken from Thiele et al.13 While the CL was taken
from previous work, the MPL was reconstructed for this study. The
MPL structure of a SGL GDL 25BC was reconstructed via FIB-SEM
tomography with pore space filling with ZnO using atomic layer depo-
sition. To enhance the contrast between pores and MPL and facilitate
the 3D reconstruction process, the MPL was coated with a ZnO film of
100 nm thickness by allowing diethyl zinc and water to react in a cyclic
manner in a vertical-flow, hot-wall reactor (OpAL, manufactured by
Oxford Instruments) at 50◦C.14 The atomic layer deposition process
employed allows filling the void space within the porous material
without changing the material structure. The FIB-SEM tomography
was conducted with a Zeiss Auriga 60 dual beam comprising 245
FIB cuts and SEM images. Each FIB section was conducted at 30 kV
accelerating voltage and 20 pA beam current with a cutting distance
of 9 nm. SEM images were acquired at 5 kV with a pixel size of
3 nm using an in-lens detector. The total reconstructed MPL vol-
ume was 3.7 × 2.2 × 2.2 μm3. Images were aligned with MATLAB
(Mathworks, Inc.) while image enhancement and segmentation (Otsu
threshold and minor manual corrections) were conducted with Fiji, a
version of ImageJ.15 These steps are described in detail in Vierrath
et al.16 The parameters for atomic layer deposition, FIB-SEM and
the post-processing procedures were equal to those presented in that
work. The total reconstructed MPL volume was 3.7 × 2.2 × 2.2 μm3

based on 245 FIB cuts and SEM images.
Both datasets for MPL and CL were then down sampled to 45 nm

and 40.8 nm voxel size, respectively, in order to be used as the input
for the 3D grid based MC simulations employing cubic voxels of the
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Figure 1. Relative humidity (a) and temperature (b) profiles, as results of a single channel CFD simulation, used as inputs in the MC simulation.

same sizes. The choice of these voxel sizes was a compromise between
accuracy of the structure and computational effort. Additionally, in
order to employ the smaller voxel sizes provided by tomography the
molecular effects would have to be taken into account, which is not
the case for the MC model used here. This MC model, however,
includes water movement based on surface energy minimization as
well as condensation and evaporation based on chemical potential
calculations, which is sufficient to cover the relevant effects in the
40 nm voxel size class.

Structure and surface characteristics.—Porosities for the MPL
(81%) and the CL (58%) were calculated from the reconstructed struc-
ture datasets. The inner contact angle of the GDL material was as-
sessed from an inverse gas chromatography experiment. The details
of this method are described by Seidenberger et al.2 The contact an-
gle to water was found to be 92◦ for the complete GDL including
the substrate and the MPL. As usually for GDLs featuring a MPL,
the MPL inner surface constitutes the GDL inner surface to a large
extent, the contact angle of the MPL should not differ significantly
from the overall value. Furthermore, no major differences were ob-
tained when measuring fiber substrate-only material (96◦ for the SGL
GDL 25BA). Consequently, a value of 92◦ was used for the MPL
structure.

The inner surface of the catalyst layer consists of the ionomer,
catalyst support and the catalyst. Therefore, an accurate contact an-
gle could be only estimated by taking into account the contribution
of each material on the surface. According to Hiesgen et al., the CL
of a pristine Nafion-based MEA has average ionomer surface cover-
age between 30–60%.17 Thus, the surface coverage of Nafion for the
commercial MEA was considered to be 50% in the simulations. The
contact angle of ionomer material, e.g. Nafion, is difficult to measure,
since it is dependent on the water content of the material and changes
considerably over time.18 Therefore, the simulations were performed
using three different measured contact angles: 25◦, 46◦ and 80◦. The
first one is the receding contact angle measured by Goswami et al.,19

and the last two are the receding and advancing contact angles, respec-
tively, obtained from a surface contact angle measurement on Nafion
115, which was hydrated for 20 hours before the experiment. The ex-
periments were performed using a Krüss DSA 10 goniometer. Due to
the small platinum loading, the overall share of platinum on the inner
surface is quite low and furthermore, the Pt particles, which are usu-
ally on the scale of a few nanometers, cannot be easily represented in
the voxel size of 40–50 nm employed in the simulations. The contact
angle of pure catalyst support is measured and used for the other 50%
of the surface, which has a value of 82◦. Finally, these contact angle
values with the respective surface coverages are randomly distributed
on the inner surface of the CL structure.

Operating conditions.—A CFD study with the ANSYS Fluent
Fuel Cell Module20 based on a single channel fuel cell model was
performed for a current density of 1.0 A cm−2 at 70◦C gas inlet
temperature, atmospheric pressure and 100% relative humidity at the
inlet. The results of this study provided a complete set of local data on
relative humidity (RH), temperature (T) and pressure in the relevant
regions of the GDL substrate, MPL and the CL. The CFD results are
illustrated in Figure 1 also sketching a cross-section of the cathode
channel geometry used. More details about the CFD methodology
employed can be found in the paper of Enz et al.21 For the purpose
of the MC study, the RH and T values are set to be constant in the y
(along channel) direction over the relatively short length considered.
However, in the RH profile, moving from the area under rib to under
the channel, a remarkable gradient can be observed. This is reflected
by defining six different sets of thermodynamic boundary conditions
corresponding to the color-coding in Figure 1a for the MPL and CL
areas (labeled as #1 to #6). In contrast to that, temperature variation
is rather remarkable in the z-direction from CL toward the substrate.

Consequently, six different RH values from the regions marked
and the corresponding T values are used to observe the effect of
these local thermodynamic conditions on the water agglomerations
in the CL/MPL pore structures. These boundary conditions are re-
quired to calculate the chemical potentials of water in liquid and vapor
phases locally, in order to decide for the condensation and evaporation
processes. The employed six boundary condition pairs are shown in
Table I.

MC Simulation Model and Results

The voxel-based MC algorithm includes a 3D grid, in which the
voxel size can be adjusted appropriately according to the resolution
of the tomography dataset. Every voxel can be filled with different
types of material, such as graphite, PTFE, ionomer, catalyst support,
water and air. If required, for every direction of the 3D simulation vol-
ume, periodic boundary conditions can be applied. The liquid water is
moved within the open pores of the structure in favor of surface energy
minimization. Additionally, the water phase can be changed between
liquid and gas, based on chemical potential calculations. Every voxel
contributes in surface energy calculations, based on the wetting prop-
erty of the material assigned to it toward water. However, in these

Table I. The Boundary Conditions used in the MC Simulations.

Region 1 2 3 4 5 6

PPartial (kPa) 36.4 35.9 35.3 34.7 34.1 33.4
T(K) 345 346 346 346 346 346
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Figure 2. FIB-SEM image of the MPL structure with pixel size of 45 nm (a)
and the CL structure with pixel size of 40.8 nm (b) in 2D. The material is
shown white and pore space in black.

calculations for each water voxel, only the six direct neighbors are
taken into account. In other words, the sum of the surface energies be-
tween the moving water voxel and the six direct neighbors at the initial
position, and the empty voxel (filled with air) and its own neighbors
at the final position is calculated, and then will be subtracted from
that of when these two voxels swap their places. If the surface energy
decreases by this move, it will take place, and if the surface energy
increases, it takes place with a probability inversely proportional to
the energy increase. More details about the basic characteristics of the
algorithm can be found in Seidenberger et al.2

In this model, steady-state is reached when: firstly, inner hydration
of the structure reaches a stable value, and secondly, the condensation
and evaporation events per iteration converge.

The simulation results for the two extreme boundary condition
pairs, one and six (cf. Table I) within the MPL and CL structures are
presented below. Due to the high computational effort required, it was
not possible to simulate a statistically relevant number of structure cut-
outs. However, to somehow check the reproducibility of the results,
the simulations are performed at least in two different MPL structure
cut-outs. Since the MC simulation box corresponds to approximately
one mesh element of the CFD results, constant temperature and rel-
ative humidity values are employed within the whole MPL and CL
structures. In Figure 2, representative layers of 3D FIB-SEM image
stacks of the MPL and CL, which are used in simulations, are shown.
In this figure, which shows the structures in the x-y plane, the mate-
rial and void are illustrated in white and black, respectively. For the
simulations in the MPL, a voxel size of 45 nm is employed, and the
simulation volume consists of 35 × 35 × 49 voxels. However, for the

Figure 4. Water saturation of pores in the MPL for the six boundary conditions
(cf. Table I).

CL the simulation volume consists of 40 × 40 × 41 voxels, with the
voxel size of 40.8 nm.

The 3D water distribution results in the MPL for under the rib and
channel regions are shown in Figure 3. Considering the fact that the
temperatures are almost constant, it is observed that with decreasing
relative humidity from 105.8% (ppartial = 36.4 kPa and T = 345.435K)
to 97.0% (ppartial = 33.4 kPa and T = 345.501 K) a considerable
change in the water amount in the MPL is obtained. Figure 4 illustrates
simulation results on how reducing the RH along the x-axis causes a
decrease in the water content of the MPL for the two MPL structure
cut-outs. Although the 3D results can perfectly illustrate the qualitative
allocation of the liquid water within the pores with respect to the
thermodynamic boundary conditions and surface wetting properties,
no accurate information on pore sizes and their degree of filling can
be extracted directly from these results. Therefore, a quantitative pore
analysis has been performed, in which the pore size distribution of
the structure and the relation of the pore size and the degree of filling
with liquid water are studied. Figure 5 presents the result of this pore
analysis for the MPL. In this figure, the same two MPL cut-outs as
shown in Figure 4 have been investigated, which are titled as region
1 and 2. It is observed that the pore filling degree increases with the
pore size in the MPL. For example, although there are only few pores
larger than 0.5 μm in region 1, they are completely filled with water
for under the rib boundary conditions. Whereas, the pores with the
size of 0.1 μm are almost half filled, although the number of these
pores in the structure is more than the larger ones by almost a factor

Figure 3. The MC result for 3D water distribution in the MPL using boundary conditions #1 (under rib) (a), and #6 (under channel) (b) (cf. Table I) with 45 nm
voxel size. The structure is shown in gray and water in blue.
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Figure 5. Pore analysis results for two MPL structure cut-outs (region 1 and
2). The left axis presents the pore filling degree after performing the MC
simulations, and the right axis presents the distribution of the pore sizes of the
dry structure.

of six. The results under the channel show an upward trend as well,
however, the total amount of water in the structure is much less.

The simulation results for the CL are categorized for each con-
tact angle of the ionomer material. These results are illustrated in
Figure 6 and Figure 7, where for the two boundary condition extrema

the ionomer contact angles of 25◦ and 80◦ are employed, respectively.
By comparing the 3D water distribution results of the CL and the
MPL, it is observed that as opposed to the MPL, in the CL water
occupies the smaller pores earlier. This could be expected from the
different wettability properties and the Young-Laplace equation, ac-
cording to which the sign of the capillary pressure changes at a contact
angle value of 90◦, i.e. from going from hydrophilic to hydrophobic.
Thus, for hydrophilic material small pores are filled first, whereas for
hydrophobic material, the capillary pressure expelling water from the
pores is least for the biggest pores. Furthermore, similar to the results
in the MPL, in the CL it is affirmed again that regardless of the exact
value of the contact angle, the water amount in the media is strongly
affected by the thermodynamic boundary conditions. Reducing the
RH by 9% causes a significant drop in the water content from 70%
to 40%. However, the water unloading starts from the bigger pores in
the CL with an ionomer contact angle of 25◦, while in the material
with larger contact angle the larger pores seem to remain filled. In
Figure 8, the water saturation of the pores for CL with three different
contact angles for the ionomer is presented for all six set of boundary
conditions. Although the water content seems to be dramatically de-
pendent on the boundary conditions, it is on a small-scale dependent
on the contact angle. By almost doubling the contact angle, the water
content decreases only by maximum 2%. However, the distribution
of water changes from occupying rather smaller pores to larger ones.
As the pore analysis results in Figure 9 show, in the CL for all the
ionomer contact angles, which are in the hydrophilic range, the pore
filling degree decreases with increasing pore size. However, despite
keeping the downward trend, by increasing the ionomer contact angle

Figure 6. The MC result for 3D water distribution in the CL using boundary conditions #1 (under rib) (a), and #6 (under channel) (b) (cf. Table I), a contact angle
of 25◦ for the ionomer and 40.8 nm voxel size. The structure is shown in gray and water in blue.

Figure 7. The MC result for 3D water distribution in the CL using boundary conditions #1 (under rib) (a), and #6 (under channel) (b) (cf. Table I), a contact angle
of 80◦ for the ionomer and 40.8 nm voxel size. The structure is shown in gray and water in blue.
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Figure 8. Water saturation of pores in the CL with ionomer contact angles of:
25◦, 46◦ and 80◦, for all six set of boundary conditions (cf. Table I).

Figure 9. Pore analysis results in CL having three different ionomer contact
angles to water. The left axis presents the pore filling degree after performing
the MC simulations, and the right axis presents the distribution of the pore
sizes of the dry structure.

the filling degree of the smaller pores (<15 μm) decreases, whereas
that of the larger pores increases.

Conclusions

Steady-state water distribution in the MPL and the CL of PEMFCs
was studied employing a combination of imaging techniques with
nm-scale resolution, CFD simulations and an enhanced MC model.
In the MC simulations, real material structures and locally resolved
thermodynamic boundary conditions have been used. The model in-
cludes liquid water movement based on surface energy minimization,
and condensations and evaporations based on chemical potentials. In
the MPL, an overall hydrophobic contact angle is considered for the
whole material. However, in the CL the contact angles of the ionomer
and the catalyst support are randomly distributed on the surface with
defined surface coverages. The results show the dependency of the
water content and distribution in each structure on parameters such
as: wettability, local temperature and relative humidity. Since the CFD
results showed a considerable change in the RH values from under the
rib to under the channel regions, the MC simulations were performed
using six different boundary conditions from selected regions within
the cell. The 3D water distribution results for two extreme cases with
highest and lowest RH values are presented. By decreasing the RH,
the water amount in both MPL and the CL was significantly reduced.
As expected, the MPL featuring a larger surface contact angle to wa-
ter showed a hydrophobic behavior, where water tended to fill the
larger pores first. In contrast to that, in the CL preferably the smaller

pores were occupied. However, in a sensitivity study by changing the
ionomer contact angle in the CL, it was observed that although the
wettability had only a slight influence on the water content, it notably
changed the distribution of water in the structure. By increasing the
contact angle of the ionomer, the liquid water showed a tendency to fill
the larger pores in the structure. An additional quantitative investiga-
tion of the water distribution with respect to the pore size has shown
that in the MPL structure the pore filling degree with liquid water
increases with the pore size, whereas in the CL it showed an oppo-
site behavior. Additionally, it is observed that changing the ionomer
contact angle affected the water dispersion among the pores in the CL.

Overall, this study shows that the MC technique can be applied
to simulate the liquid water content also within the small MPL and
CL pores in the range of 102 to 101 nm size employing real struc-
tures obtained by sophisticated imaging techniques. Furthermore, the
consequences of variations of the surface chemistry of the material re-
sulting in different hydrophobicity can be investigated. Consequently,
detailed properties of the water distribution within such material can
be investigated, which to the best of our knowledge, so far is beyond
the reach of even advanced imaging techniques, such as synchrotron
tomography. Thus, in further studies it would be possible to compare
e.g. the implications of material variations in terms of structure and
surface chemistry on the water content and distribution, which may
assist experimental material development.

The difference in the surface wetting properties between CL and
MPL could cause difficulties for water to pass through the interface of
these two layers. Since the CL and MPL structures have been modeled
individually in this study, the behavior of the interfacial region could
not be observed. This topic, which requires some developments in the
MC algorithm, will be tackled separately.

Although the thermodynamic boundary conditions applied for the
MC simulations here stem from CFD calculations employing a full
set of experimental cell operating conditions and thus represent a
steady-state water distribution related to these conditions, variations
of e.g. the current density cannot be directly represented within the
MC technique as applied here due to lack of a time axis. Thus, further
development of the simulation code will aim for implementing a
kinetic Monte-Carlo (KMC) model that allows simulations of the
evolution of a certain system in time. Thus, time-dependent variables
as e.g. the cell current and the resulting water production can be
directly incorporated and varied. This will open new opportunities to
support material development for fuel cells by realistic simulations on
the nm scale.
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H I G H L I G H T S

• Mass transport limitations restrict the maximum power density feasible for PEMFCs.

• Water agglomerations within the interfacial region of MPL and CL are critical.

• The interface structure used in simulations is provided by a FIB-SEM tomography.

• Water distribution within the interface is modelled by a Monte Carlo model.

• The pore size distribution and the pore filling degrees are analyzed.

A R T I C L E I N F O
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A B S T R A C T

Liquid water saturation of pores in the gas diffusion layer (GDL) and the catalyst layer (CL) of polymer elec-
trolyte membrane fuel cells (PEMFC) hinders the transport of the reactant gases, leading to inhomogeneous
current density distribution, reduced overall cell performance, and accelerated material degradation. This effect
restricts the PEMFC operation, specifically at high current densities. In this study, the simulation results illustrate
how the interplay of wettability and pore sizes influences the water distribution within the CL, microporous layer
(MPL) of the GDL, and specifically their interface. The liquid water distribution within the porous material is
studied employing a voxel-based Monte Carlo (MC) model reflecting the effect of local thermodynamic boundary
conditions and inner surface characteristics. Real material structures obtained with a focused ion beam -
scanning electron microscope (FIB-SEM) are employed. Local temperature and relative humidity values required
as inputs are obtained from sophisticated computational fluid dynamics (CFD) simulations comprising all re-
levant effects, including the electrochemical reactions. The results show that avoiding drastic changes in
wettability at the CL-MPL interface can help to mitigate the possible detrimental water accumulations. Further
developing and exploiting this study will contribute to facilitate the systematic material development for better
PEMFC performance and durability.

1. Introduction

Polymer electrolyte membrane fuel cells (PEMFC) are efficient
electrochemical energy convertors, in which electricity is produced,
while water and heat the only products of the electrochemical reaction.
Thus, this technology constitutes an important building block for a
sustainable energy economy, facilitating carbon dioxide free energy
conversion for both automotive and stationary applications. The pre-
sence of liquid water in the cell involves some advantages and

disadvantages. By hydrating the polymer membrane of the cell, the
ionic conductivity is increased [1], thus the cell electrical resistance is
lowered. However, liquid water can block the open pores in the catalyst
layer (CL) and the gas diffusion layer (GDL) and therefore, obstruct the
transport of the reactant gases from the flow channel to the electrodes
[2]. This effect can reduce the overall cell performance and durability
by fuel starvation and material degradation, such as dehydrophobiza-
tion. Specifically, inter alia these gas transport limitations constrain cell
efficiency at very high current densities, which is a significant problem
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for automotive applications, where high current densities of up to
3 A cm−2 are pursued [3]. Therefore, optimizing the water transport in
PEMFCs is an important research topic. Reaching high current densities
with less electrical power loss due to the gas transportation limitations
depends strongly on the fuel cell stack design, including all the existing
components, such as bipolar plates, GDLs, electrodes and membranes.
The focus of this study is on the effect of operating conditions and inner
surface wettability properties on the distribution of the liquid water in
the microporous layer (MPL), CL and most importantly at their inter-
facial region (IR), using a Monte Carlo (MC) simulation method.

The spark of this method was triggered in the late 1940's after
building the first US electronic computer [4]. This method is based on
random sampling in order to obtain numerical results, and depending
on whether or not the problems handled by MC methods are directly
associated with the outcome of the random processes, they could be
grouped in two types: probabilistic or deterministic. In case of the
probabilistic problems, it might be easier to grasp that how a solution
based on randomness could help to solve a problem, which is directly
concerned with the random processes. However, in the case of de-
terministic problems, e.g. monitoring a system containing a large
number of particles to for a long time span, a description in terms of
statistical mechanics can provide the macroscopically relevant aver-
aged properties with much lower effort than a complete deterministic
description of all single processes involved, if the latter is feasible at all.
The MC method is able to use the main strength of the theoretical
mathematics in the form of abstraction and generality to define the
fundamental behavior of a system. Furthermore, by benefiting from
experimental values in terms of boundary conditions and governing
physical laws, it is able reduce the generality in order to get numerical
results for a particular case of study. Yet defining a problem with the
use of theory may help to recognize the underlying random processes,
which can be solved by MC simulations [5]. Therefore, this method has
shown from the early stages to be a feasible approach to the statistical
mechanical problems, which sometimes might not be soluble analyti-
cally or in any other way, and on its evolution path reducing the
computational efforts was always of interest [6–9].

In this work, a canonical MC model, which was established to study
the steady-state water distribution in GDL and MPL of the PEMFCs
[10,11], is used and further developed to be capable of performing si-
mulations in the CL, MPL and their IR, with additional components in
the structure. The model includes water movement driven by surface
energies, as well as condensation and evaporation based on local
boundary conditions. It employs a 3D lattice structure for computation
and is capable of choosing an appropriate voxel size. Furthermore, it
includes periodic boundary conditions, which can be lifted by in-
troducing walls. Walls represent neutral structures with no contribution
in the energy calculations. The change in the liquid water distribution
and amount in the porous structure could take place by movement,
evaporation and condensation. The decision for this change in the po-
sition or phase of the water is based on surface energy and chemical
potential calculations. The results include both qualitative and quan-
titative information on water distribution in the porous media for dif-
ferent boundary conditions and surface characteristics. Furthermore,
information on the correlation of porous structure, wettability and the
pore filling degree, which could be obtained by the combination of
tomography and the MC simulations employed here, is investigated
with a new pore analysis method.

2. Simulation inputs

2.1. Structure acquisition of an MPL-CL interface by FIB-SEM tomography

For the MC simulations in this study, real material structures are
used, including the MPL structure of a pristine SGL 25 BC “DECODE”
GDL (SGL CARBON GmbH, Meitingen, Germany) and a CL supplied by
Johnson Matthey (JM) Fuel Cells (Swindon, UK). Therefore, a focused

ion beam - scanning electron microscope (FIB-SEM) tomography was
applied to an MPL-CL interface region of a membrane electrode as-
sembly (MEA) from a fuel cell operated for 2592 h. This reference MEA,
which was a project specific MEA and not representative of a JM
commercial product, was a symmetrical one with 0.2 mg cm-2 Pt on
both anode and cathode side. The mean Pt particle size was 4–5 nm and
the carbon support was XC72R, which had a surface area of
∼230m2 g−1. A small cut-out of the MEA and the neighboring MPL
region was fixed on a standard SEM sample holder using conducting
silver glue. It was decided not to embed the sample into resin to prevent
the possible pore space alteration due to the high capillary forces. The
complete sample was sputtered with ∼10 nm gold and transferred into
the vacuum chamber of the FIB-SEM device.

Prior to acquiring a tomography, the ion beam is used to remove the
material around the volume of interest in order to gain a proper view on
it [12]. The material removal takes place then slice by slice with the ion
beam. Subsequent to cutting each slice, the cut face is imaged with the
scanning electron microscope detectors.

The ion beam current was set to 700 pA (@30 kV) and the thickness
of the milled slices was 10 nm. The electron beam was accelerated with
1 kV and a resolution of 10 nm for scanning the cut face was used, re-
sulting in a 3D voxel resolution of 10 nm. In order to achieve a proper
segmentation of the pore space as well as the CL and the MPL, during
imaging two different signals were recorded: a secondary electron (SE2)
detector, which attracted the electrons with a positive voltage of 400 V,
and in addition to that, an In-Lens detector recorded the back scattered
electrons (BSE). Both signals provide different characteristics of the
acquired images. Due to the sideways position of the SE2 detector, it
delivers a signal, which is sensitive to the topology of the sample sur-
face, and hence, it was well suited for the detection of pores at the cut
face (Fig. 1, left). The In-Lens detector on the other hand, gives a ma-
terial contrast due to the atomic numbers of the elements distributed in
the material, and therefore, it was appropriate for identifying different
material compositions (Fig. 1, right).

The reconstruction of the three dimensional structures was con-
ducted via Fiji [13] along with an adapted algorithm in a self-written
software coded in IDL® version 8.4 (Exelis Visual Information Solutions,
Boulder, Colorado). The aim was segmentation of the MPL, the CL and
the pore spaces. Firstly, the inevitable sample movement during to-
mography was detected and the images were shift-corrected in order to
align the images in the volume. Subsequently, a gradient in the signal
strength from top to bottom from each image slice was removed. The
segmentation of pores was conducted with an algorithm based on an-
isotropic filters using the SE2 signal [14]. Fig. 2a) and c) show the MPL-
CL intersection with the SE2 signal and the segmented result, respec-
tively. Fig. 2d) and e) illustrate reslices of the MPL and the CL.

During the slice by slice removal of the material, the background of
the pore spaces became gradually more visible as the cut plane ap-
proached towards it, until it was finally removed by the ion beam. The
result was a rising signal when observing the pore background. In the
reslice (Fig. 2d) and e)), the rising signal inside the pore spaces is
visible. The segmentation here exploited this circumstance. Similar to
the approach presented by Salzer et al. [14], anisotropic filters de-
tecting the rising signal are used to identify the pore background, in
order to segment the material from void. This step needed a sophisti-
cated choice of the segmentation parameters, such as signal smoothing
and threshold values. The best segmentation was achieved by having
the focus on the MPL and the CL individually. This could be accom-
plished in one single step, but the results would not be as accurate as
the separated segmentation for MPL and CL as used in this work. The
allocation of the material to the MPL and the CL was done with the In-
Lens detector signal, which showed a strong contrast on the material
(see Fig. 2 b)). In the end, the segmented MPL and CL are combined into
one dataset (see Fig. 2 c)). This three dimensional dataset with a voxel
size of 10 nm is then rotated to align the MPL-CL interface with the y-z
plane. The volume is then scaled to a voxel size of 50 nm, in order to
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prepare the appropriate structure input for the MC simulations.
The voxel size employed was a compromise between accuracy of

structure representation and computational feasibility and a statisti-
cally significant size of the cut-outs for the simulation. Furthermore,
going to even smaller voxel sizes means advancing into a domain where
the basic concepts of the simulation technique employed, i.e. free sur-
face energy as the driving force of the formation of water accumula-
tions, would become problematic, as effects on the molecular scale
would have to be taken into account. This would require different
models and much higher computational effort. Thus, on the basis of the
detailed structural information available, the validity of the scaling
employed was assessed. By carefully choosing the parameters of the
downscaling algorithm, it was tried not to lose major structural

information while making the simulation effort feasible.

2.2. Boundary conditions and surface characteristics

Boundary conditions such as: Temperature (T), Pressure (p) and
Relative Humidity (RH) are required as inputs for the MC simulations.
These parameters were locally resolved within a computational fluid
dynamics (CFD) study employing the ANSYS Fluent® Fuel Cell Module
[15]. This module facilitates simulations including all relevant elec-
trochemical and transport phenomena in the cell. Specifically, an ap-
propriate description of the electrochemical reactions is combined with
integral material properties, such as the porosity of the CL and the GDL,
and a detailed membrane water and proton transport model to obtain a

Fig. 1. SE2 (left) and In-Lens (right) detector signal during tomography of the catalyst/MPL interface. The SE2 detector has high contrast on pore space. The In-Lens
detector has high contrast on the material composition.

Fig. 2. a) SE2 signal; b) In-Lens detector signal; c) segmented MPL and catalyst material; d) SE2 reslice of MPL material; e) SE2 reslice of catalyst material.
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realistic picture of the complete cell in operation. The details of the
model and the method employed are described in Ref. [16]. This full
cell CFD study gives the opportunity to extract the local values of T, p,
RH, current density and molar fraction of the reactant gases from any
desired spot within the cell. Fig. 3 presents the region of the cell

selected here in order to get the desired information. The square
channel is the cathode side channel and the trapezoid shape channel
belongs to the anode. The region in between represents the GDLs and
the MEA. In Table 1, the corresponding boundary conditions in MPL
and CL as used in the MC simulations for two under the rib and the
channel areas are listed. These two sets of operating conditions are
selected, due to the significant variation of the RH over the fuel cell
flow-field. This sensitivity analysis investigates the influence of the RH
on the formation of water agglomerations in the structure for wet and
dry states. Since the MC simulation box corresponded only to one mesh
element of the CFD simulation results, no relevant gradient in the
boundary conditions in the MC simulations has been considered.

A GDL contact angle of 92° was measured in an inverse gas chro-
matography (IGC) experiment [11,17–19], which was used as the MPL

Fig. 3. CFD results for relative humidity (left) and temperature (right). The squared and the trapezoid channel belong to the cathode and anode, respectively, and the
region in between represents the GDLs and the MEA.

Table 1
The boundary conditions used in the MC simulations as the result of a CFD
study.

Boundary Condition RH(%) T(K) P(hPa)

Under Channel 80 357 1513.25
Under Rib 99.5 357 1513.25

Fig. 4. Water distribution in the MPL-CL interface as the result of MC simulations with the voxel size of 50 nm, for θMPL=92° and a) RH=80%, θIonomer=25°; b)
RH=80%, θIonomer=46°; c) RH=80%, θIonomer=80°; d) RH=99.5%, θIonomer=25°; e) RH=99.5%, θIonomer=46°; f) RH=99.5%, θIonomer=80°.
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contact angle (θMPL) accordingly. This assumption was made due to the
fact that the MPL inner surface accounts for that of the whole GDL to a
large extent. Additionally, since the MPL material is not available se-
parately, the contact angle measurement for this material individually
was not achievable. However, this separate contact angle measurement
was feasible for the GDL substrate. The result of this experiment for the
SGL 25 BA, which was a contact angle of 96°, supported the view that
the MPL contact angle did not deviate significantly from the total
contact angle. Therefore, the θMPL was fixed at 92° through all the si-
mulations. The wetting properties of the CL are affected by all the CL
components, which are the ionomer, the catalyst support and the cat-
alyst. Since the catalyst particle size is in the range of few nanometer,
its effect on the overall contact angle in the MC model with the voxel
size of 50 nm was considered to be negligible. A surface coverage of
50% was considered for the ionomer, which was chosen according to
the work of Hiesgen et al. [20]. Since the contact angle of the catalyst
layer ionomer (θIonomer) depends strongly on the water content [21,22],
similar to a previous work on the CL, the simulations were performed
using three different θIonomer of 25°, 46° and 80°, while the contact angle
of the catalyst support was invariably set to 82° [9]. This sensitivity
study, which investigates the qualitative behavior of the ionomer to-
wards water, arises the opportunity to examine the potential influence
of modifications in the material and/or composition of the respective
layers. It is important to consider that the contact angle of any in-
dividual component of the CL or MPL will affect the overall contact
angle of the structure surface. However, there are several other factors
which could affect the kinetic and transport properties of water, such as
type of the ionomer and its equivalent weight [23,24].

3. MC simulation results and discussion

For the MC simulations, two different material cut-outs, each having
a volume of 5.1✕ 2.55✕2.55 μm3 (labelled as region 1 and 2 in Fig. 7)
are considered. In the reconstructed data, the MPL structure is illu-
strated with the darker color. As expected, the interface is not a per-
fectly flat 2D plane, but rather a disordered merge of the two structures.
Therefore, it is not easy to discern where exactly the MPL ends and the
CL starts. However, our simulation box is chosen in a way that contains
some parts of the inner MPL and CL regions and consequently comprises
their interface region. Hence, it is ascertained that no information re-
garding the interface is missing. Additionally, letting more of the MPL
and the CL structures in the simulation box helps for gaining an ap-
proximate idea how water is transported through one region to another,
by observing the water accumulations at different steps throughout
their path from the CL to the MPL. Furthermore, this study yields a
precise analysis of local pore occupation with liquid water, which al-
lows tracing the water agglomerations within the structure regardless of
the pore size. However, a complementary pore analysis method was
developed and employed, which is capable of surveying all the existing
pores within the structure and group them according to their size and
return the pore statistics. Moreover, using this method it is possible to
calculate the average degree of filling with liquid water for each pore
size. The simulations in each cut-out are performed for dry and wet
conditions having the RH values of 80% and 99.5%, and for all three
aforementioned θIonomer.

3.1. MC results for water distribution

In Fig. 4, the steady-state distribution of water agglomerations
within the MPL-CL structure as the results of the simulations is

Fig. 5. 2D Pore filling degree as the result of MC simulations with θMPL=92° and a) RH=80%, θIonomer=25°; b) RH=80%, θIonomer=46°; c) RH=80%,
θIonomer=80°; d) RH=99.5%, θIonomer=25°; e) RH=99.5%, θIonomer=46°; f) RH=99.5%, θIonomer=80°.
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illustrated. The left column shows the simulation outcome under 80%
RH condition and for the θIonomer increasing from top to bottom, and the
right column shows the results for an increased RH value of 99.5%,
while all other parameters and the structure remained unchanged. In
the 80% RH results, it is difficult to spot water voxels in the MPL, as
there are not many of them existing there. However, in the CL, a sig-
nificant amount of water can be found in two regions: at the interface
and at the back side of the CL. In our MC model, the periodic boundary
conditions can be lifted by using a wall, which is a voxel layer with no
contribution in the surface energy calculations. This could explain the
accumulation of water at the rear side of the CL. This effect, however,
could resemble the one expected by the presence of the membrane at
this side. The water accumulation at the interface can be explained by
the energy barrier caused by the difference in the contact angles of both
sides to water. It is notable that for this low RH, by increasing the
θIonomer, the water amount in the CL decreases. This is happened due to
the fact that in our model a voxel is considered to be occupied with
water, only if it appears there with the probability of at least 70%. In
other words, all the regions, which are filled with water, were hosting
water over 70% of the simulation time. However, as it is shown later in
the pore analysis study, water tends to fill the smaller pores in the CL
with smaller θIonomer, and this tendency changes towards the bigger
pores by increasing the θIonomer. The Young-Laplace equation can per-
fectly describe this effect. Therefore, within the CL with the θIonomer of
80°, which has only a few number of the bigger pores, due to the en-
ergy-based instability water voxels swap their location so frequently
that they do not appear at one spot for a long time.

By increasing the RH to 99.5%, a considerable change in the amount
of water within both MPL and CL structures is observed. At the MPL

side, major similarities in the water agglomerations size and location
between the three results are observed, which is expected due to the
same θMPL value. However, near the interface region, different behavior
can be observed. For instance, for the θIonomer of 25° and 46°, the water
accumulations clearly indicate the interfacial region. Opposed to that,
for θIonomer of 80°, which has a closer value to the θMPL, the interface
cannot be distinguished with the help of the water accumulations.
Nevertheless, the approximate MPL and CL regions could be identified
by the difference in the size of the water agglomerations. Within the CL,
the smaller pores are filled with water and by increasing the θIonomer

only the bigger pores remain filled. This information, which is observed
and explained qualitatively in this chapter, will be analyzed quantita-
tively further below.

3.2. MC results for pore occupation

In addition to the analysis in the last chapter, which allows for
valuable qualitative 3D information on water distribution within the
structure, a 2D analysis on local pore occupation is performed. Fig. 5
illustrates the results of local filling degree of the pores with liquid
water, which are averaged over the y-axis and hold the values between
0 and 1. The columns on the left and right hand sides represent the RH
values of 80% and 99.5%, respectively, and from top to bottom, the
θIonomer increases. Having a low RH value resulted in an almost dry MPL.
However, the CL contains more water on its side, which similar to the
3D results is agglomerated at the interface and the right hand boundary.
In opposed to that, for the higher RH the MPL contains a considerable
amount of water. Since the θMPL is kept constant, the locations of the
agglomerations in the three cases are quite similar. Nonetheless,

Fig. 6. 1D Pore filling degree (occupation) as the result of MC simulations with θMPL=92° and a) RH=80%, θIonomer=25°; b) RH=80%, θIonomer=46°; c)
RH=80%, θIonomer=80°; d) RH=99.5%, θIonomer=25°; e) RH=99.5%, θIonomer=46°; f) RH=99.5%, θIonomer=80°.
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increasing the θIonomer from top to bottom affects the distribution of
water, especially at the interface. In other words, varying the θIonomer to
contact angles closer to the MPL value has caused a reduction in the
water accumulation behind the MPL. This could be due to the fact that
for lower contact angles on the CL side, the tendency for water to leave
this hydrophilic layer and enter the hydrophobic MPL is relatively low.
The surface energy is according to the Young equation related to the
contact angle, and therefore smaller difference in the contact angle
between the CL and the MPL can cause a smaller surface energy barrier
for water to pass. Therefore, in contrast to the first two results, in which
the approximate interface border can be presumed, in the last pore
occupation distribution graph the interface is not clearly detectable and
seems like the water clusters of both sides found their way to hook up.

Through the 3D results, it is understood that the water accumula-
tions at the interface are more on the CL side of the structure. In Fig. 6,

these results are displayed in 1D by averaging the values over the y- and
z-axes, in order to have a better view on the water content of the
structure along the x-axis. Here, it is once again shown that, in contrast
to the two small θIonomer values, for the θIonomer of 80° it is not easy to
detect the interface and the whole porous structure, regardless of the
pore sizes, is hosting water in a nearly even manner.

Additional information, which can be deduced from the 2D results
in Fig. 5, is the relative water cluster size in both MPL and CL. The
isolines, which represent an equal value of the water occupation in the
region they surround, have formed much smaller areas in the CL. Al-
though this information gives a rough idea about the local pore sizes, it
is not accurate due to the fact that the non-pore regions are not ex-
cluded. Thus, a supplementary analysis was required to study the pore
size distribution and its relation to the pore filling degree. For this
purpose, a method was developed employing three programs: CT-

Fig. 7. Pore filling degree (left axis) and pore size distribution (right axis) analysis for two material cut-outs: region 1 and 2, in a) CL; b) MPL; c) interface for 1)
RH=80% and 2) RH=99.5%. The dashed and continuous red lines, as marked with arrows, belong to the right axis. (For interpretation of the references to color in
this figure legend, the reader is referred to the Web version of this article.)
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analyser, which is an analysis and visualization software for Bruker
microCT scanner devices, ImageJ and MATLAB®. This method is cap-
able of calculating the pore size distribution as well as the degree of
filling with water of each average pore size, which is found within the
structure. To which extent the small pores and bottlenecks are included
in this open volume, is of course dependent on the voxel size. However,
having a voxel size of 50 nm, a fair inclusion of pores in this analysis
can be expected. In Fig. 7, the results of this analysis for two different
material cut-outs (region 1 and 2) for each of the CL, the MPL and the IR
are shown, respectively. For all three material structures, the left
column, which illustrates the results for the 80% RH value, shows much
lower water amount for all pore sizes in comparison to the 99.5% RH
value results in the right column. The result of this analysis helps to
clarify that the pores occupied in the CL and the IR in Fig. 4 are pre-
ferably the smaller pores having a size of 0.05–0.15 nm in diameter
corresponding to an average size of 0.1 nm in the plots. The MPL is
almost dry and there is not enough information for a valid interpreta-
tion. Nevertheless, in the wet condition shown on the right hand side of
the figure, there is a considerable amount of water all over the struc-
ture. In Fig. 7 a-2), in both CL cut-out regions for the θIonomer of 25° and
46°, the pore filling degree decreases with the pore size. However, in
both regions with a θIonomer of 80°, which is close to the edge of hy-
drophobicity, the degree of filling only features an insignificant in-
crease with the pore size. In Fig. 7 b-2) however, MPL shows a reversed
behavior and, as it is expected for a material with hydrophobic surface,
the data lines keep following their upward trend even with changing
the θIonomer on the CL side. Although both regions of the MPL contain
very few numbers of pores with an average diameter of 0.3 μm, these
pores are at least by 90% filled with water. Elucidating the behavior of
the interface towards the pore filling degree is not so easy in Fig. 7 c), as
the data lines show irregular trends, which is the probable consequence
of the different surface characteristics of both sides.

4. Conclusions

The main goal of this study was to simulate the steady-state water
distribution within the nano-porous interface structure of the MPL and
the CL of PEMFCs, employing a refined Monte Carlo method. Being able
to design the material in a way that favors the water transport from the
reaction layer to the flow channel, while maintaining a desirable
amount of humidification in the membrane, could significantly help to
overcome the mass transport issues commonly occurring at high current
density values. Thus, different grades of CL hydrophilicity were in-
vestigated here to provide a sensitivity study on the influence of ma-
terial modifications. The results show that choosing appropriate mate-
rial properties, a homogenous distribution of liquid water over the
porous structures can be achieved, which prevents extensive agglom-
erations of water at the interfaces. Such agglomerations of water at the
interface of CL and MPL could cause blockage of the pore space and
consequently result in reduced gas transport to the reaction layer,
which will decrease the cell performance. The simulations were per-
formed within the real material structures, which were reconstructed
by a special FIB-SEM tomography approach. Realistic local boundary
conditions obtained from an advanced CFD study were employed. In
order to find an optimization for water transport with respect to the
surface characteristics, the effect of different θIonomer on degree of filling
of different pore sizes is studied. This variation in the θIonomer, however,
influences the overall surface contact angle of the CL. Such a variation
could practically be achieved by means of varying the ionomer
equivalent weight, structure etc. Nevertheless, even in case of changing
the component blend of the CL, the change in the Nafion® ionomer
contact angle with respect to the water content cannot be avoided. This
happens due to the fact that these materials are copolymers of per-
fluorinated vinyl ether and TFE with sulfonic acid group pendants and
this special structure induces the exceptional wetting properties of
these materials [22,25,26]. This contact angle sensitivity study helps

for a better understanding of the interplay between the surface contact
angle and geometric pore structure of the different materials, resulting
in possible gas transport pathway blockage by liquid water and gives
hints on how to avoid this situation. While keeping the MPL wettability
properties constant, increasing the contact angle of the CL ionomer
caused a better water transport through the interface, which was de-
duced from less water accumulation there. On the other hand, mem-
brane material in presence of water is expected to show a hydrophilic
behavior and hence, a large contact angle difference between the
membrane and the CL could yield a similar situation of water accu-
mulation at the aforementioned layers' interface. Thus, in order to de-
crease the surface energy barrier for water transport through the in-
terfaces, as an optimization technique, this work suggests a smooth
transition of the contact angle throughout the CL, from more hydro-
philic values close to the membrane to more hydrophobic values to-
wards the MPL. Ideally, at each interface the difference in the contact
angle values of the two respective layers should be minimized.
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Effect of Current Density on the Dynamical Evolution of Liquid
Water Distribution within the Gas Diffusion Layers of PEMFC
Employing a Multi-Timescale Kinetic Monte Carlo Method
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The liquid water produced in the cathode reaction layer of a polymer electrolyte membrane fuel cell (PEMFC) can obstruct the
transport paths of the reactant gases within the gas diffusion layers (GDL), especially at high current densities. This may lead to fuel
starvation, reduced overall cell performance and lifetime. In this study, using a newly developed multi-timescale kinetic Monte Carlo
model, the evolution of the liquid water distribution over time within a real GDL structure for different current densities is simulated.
The processes included in this model comprise water transport and water generation, which occur on two different timescales. The
multi-timescale model allows for sampling both process types by implementing the much slower water production reaction with a
defined interval among the faster and more frequent water movement steps. The simulation results reveal how the real cell operating
conditions and GDL surface wetting properties can affect the amount and distribution of liquid water clusters within the structure.
© The Author(s) 2019. Published by ECS. This is an open access article distributed under the terms of the Creative Commons
Attribution 4.0 License (CC BY, http://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse of the work in any
medium, provided the original work is properly cited. [DOI: 10.1149/2.0981904jes]
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Mass transport limitation is a major reason for voltage drop and
reduced cell efficiency in polymer electrolyte membrane fuel cells
(PEMFC) at high current densities, which is a key optimization chal-
lenge especially for the automotive applications.1 The problem is
caused mainly as the result of pore blockage by liquid water, which
is produced at the cathode catalyst layer (CL) and limits the transport
paths of the reactant gases diffusing from the flow channels, through
the gas diffusion layer (GDL), to the reaction layer.2 Appropriate wa-
ter management, as the solution to this problem, requires accurate
information on the effect of different cell components and operating
parameters on liquid water distribution and transport, especially in the
CL and the GDL. In the previous studies, the effect of thermodynamic
boundary conditions and surface wetting properties on the steady-state
distribution of water in different structures has been studied, includ-
ing GDL, microporous layer (MPL), CL and the interface between the
last two.3–6 Complementing these studies, the focus of this work is on
the evolution of the system with time. Thus, a multi-timescale Kinetic
Monte Carlo (KMC) algorithm has been devised and implemented.

There are several other techniques to simulate multi- and single
phase fluid flow in porous structure, such as pore network modelling,
lattice Boltzmann and computational fluid dynamics (CFD).7–15 Pore
network models are extensively employed to investigate the multi-
phase fluid flow in porous media, and the relations between funda-
mental characteristics of the porous media and the respective transport
properties.16,17 Nevertheless, they are usually based on simplified pore
space geometry and physics, and therefore the results still rely on the
quality of representation of the real structural properties by the simpli-
fied geometry. Thus, to complement such results and to augment the
range of the effects that can be investigated, simulations employing
real structures appear appropriate. One possible approach to tackle
this problem is the lattice Boltzmann method,10,14,15,18 but the compu-
tational effort required is so high that usually the 3D reconstruction of
e.g. the GDL is rather based on statistical information on the structure.
Similarly, employing the volume of fluid method (VoF) within CFD
simulations, the effort for meshing the complex microstructure of the
GDL is significantly high. However, overcoming this challenge with
much less effort is feasible using the KMC method.

Despite the comprehensive capabilities of the KMC method for
solving broad types of problems, there are some limitations for mod-
elling stiff systems, in which the kinetic processes occur on largely
different timescales. Since the processes in KMC are randomly se-
lected based on the probabilities of occurrence, which are proportional
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to the process rates, employing a standard KMC algorithm to solve
such problems may lead to sampling only the fast processes featuring
larger rate constants – possibly by orders of magnitude larger than
the slow ones. Consequently, the time advances mostly in the scale
of the fast processes after each iteration, which leads to a short total
simulated time span when applying straightforward KMC simulation
techniques. Thus, there might be no chance for the slower processes
to take place frequently enough (or even at all) during the limited sim-
ulation runtime, even though these processes may be crucial for the
long-term evolution of the system. Additionally, there is the possibil-
ity that the fast reactions, which have been sampled more often than
the slower ones, at some point during the simulation reach a steady-
state, thus further sampling them does not provide any further relevant
information on the development of the system. In order to overcome
this so-called stiffness in such systems, the possibility of occurrence
should be given to the slower processes by adjusting the algorithm
appropriately. In the work presented by Dybeck et al.,19 the surface
catalytic processes of different timescales are simulated by temporal
acceleration during the simulation. In that approach, the rate constants
of the faster reactions are automatically scaled and slowed down to the
values close to those of the slower reactions. Employing a different
concept, Samant et al, tried to overcome the stiffness by introducing
a multiscale KMC algorithm in which the slower reactions are forced
to occur.20 In their model, the fast reactions are sampled until a prede-
fined criterion is met, which is employed to control whether or not a
partial equilibrium has been reached. Afterwards the fast reactions are
sampled over a longer interval to compute the probability distribution
function required for sampling the slower reactions, and as the next
step, the slow reactions are sampled and the clock is incremented by
larger steps. In another approach, Chatterjee et al. developed an algo-
rithm, which enables the study of the rare events more efficiently, again
by modification of the rate constants.21 In the work presented by them,
the rate constants of processes, which have been sampled more often,
are lowered so that the rare processes can occur more frequently than
in a standard KMC algorithm. In addition to these studies, there have
been many others, which employed different strategies to overcome
the challenge of disparities in the reaction rates.22–27

In this study, a multi-timescale voxel-based KMC model has been
developed, which is capable of describing the dynamical evolution of
water distribution within a GDL structure at realistic operating con-
ditions and in relation to certain current density values. This is ac-
complished by more frequently sampling of the fast water movement
processes, while still allowing the rare water generation processes to
occur at frequent intervals. This method takes advantage of the fact
that the fast processes are usually at a steady-state long before the
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time required for the slower ones has been reached. By starting from
an already reached steady-state in the distribution of the existing water
in the structure, the development of the system with time including
generation and movement of new water voxels entering the structure
is simulated in an efficient and realistic manner.

The Kinetic Monte Carlo Model

In this KMC study, integrating the time-axis to the model has fa-
cilitated representing the time-dependent quantities such as current
density. However, in this kind of model, the accuracy of different pro-
cess rates and their proportionality should be assured, which is not
an easy task. The resulting multi-timescale KMC model provides the
possibility of simulating water generation and transport within a real
GDL structure. The structure employed is acquired by synchrotron
tomography performed at the BAMline28 at the electron storage ring
BESSY II of the Helmholtz Center Berlin in Germany. The KMC
model works on a 3D grid, in which the voxel size can be adjusted
to the tomographic resolution. After the structure is reconstructed,
the appropriate wetting properties can be allocated to its surface. De-
pending on the resolution and the accuracy of the information on the
surface composition, either one uniform averaged contact angle can be
assigned to the surface, or multiple contact angles, each to represent
one material, such as carbon and PTFE. In the latter case, each material
is randomly distributed within the structure according to a predefined
fractional surface coverage. However, a previous work on the steady-
state distribution of water showed that there is no significant difference
between the results of both methods in the GDL structure,4 and there-
fore in this work an average overall contact angle is considered for
the whole GDL inner surface. The model includes water production
as the result of current density and water movement based on surface
energy calculations. Water enters the structure from the CL side, and
can leave it by moving out to the flow channel from the opposite side.
Since the simulations are performed in a GDL cutout, removing wa-
ter immediately from the structure when it reaches the surface might
cause some undesirable artificial effect. Therefore, a buffer layer of
free (air) voxels, which can be regarded as part of the flow channel,
with an adjustable thickness is assumed on top of the GDL, in order
to give the exiting water voxel the chance of returning to the structure.
In the KMC method, for each possible process one rate constant is
defined, which specifies how fast this process takes place. The faster
the process, the larger the rate constant and the higher the probability
of it being selected. Evolution of the system over time is implemented
by randomly choosing a certain process, among all the theoretically
possible movement paths for all the available water voxels at each
simulation iteration. Yet, when a system contains processes of differ-
ent timescales, the slower processes might never be sampled during
the whole simulation, especially if the basic rate constants differ by
orders of magnitude. The movement of water voxels driven by the
surface energy differences of new and old states, usually take place
on the scale of picoseconds. Nevertheless, even assuming that all the
water produced by the cathodic half-reaction of the PEMFC will reach
the GDL in the liquid state, having realistic current density values of
up to 1–2 A cm−2 will lead to timescales of milliseconds to gener-
ate one water voxel with the volume of ∼82 μm3. Thus, voxel-based
water generation for a given current density is much slower than wa-
ter movement. Nevertheless, this multi-timescale KMC algorithm has
been developed in a way that facilitates the occurrence of both types
of processes.

Since the step times that advance the clock are calculated partly
based on water movement processes (as it will be explained in detail
later), it is not efficient to start with no water available in the structure.
Therefore, before starting the simulations a certain amount of initial
water content is brought to the GDL structure that can be varied from
small to large values. Although having significantly small amount of
water could resemble a fresh dry start of the cell, it considerably in-
creases the computational effort and the time required to reach the
hydration states observed in the GDL structures at high current densi-
ties. There were two possibilities for pre-hydrating the GDL structure:

by randomly positioning a desired amount of water in the open pores,
or by starting from a steady-state, which has been reached employing
the standard MC algorithm developed in previous works.3,4 Neverthe-
less, it has been proved that the final steady-state reached for certain
thermodynamic boundary conditions (such as temperature, pressure
and relative humidity) is independent of the initial water distribution.
The model includes periodic boundary conditions, which could be
lifted in each direction. Further details about the model characteristics
and functions are explained below.

Generation of water.—The molar rate of water production for a
single PEMFC is calculated using Equation 1. In this equation, “two”
is the electron stoichiometry in the water production reaction, in order
to produce one molecule of water.

ṅH2O = jA

2F
[1]

In this equation:
j is the current density [A cm−2],
A is the surface area of the assumed catalyst layer [cm−2], and
F is the Faraday constant.

In order to convert this molar rate to the equivalent number of
voxels per simulation iteration, Equation 2 is used:

vH2O = ṅH2O MH2O

Vvoxel ρH2O
�tstep [2]

where,
MH2O is the molar mass of water [g mol−1],
Vvoxel is the volume of each voxel [cm3],
ρH2O is the density of water [g cm−3], and
�tstep is the step time calculated for each simulation iteration [s].

The only information, which is still required to calculate the num-
ber of the water voxels using the equation above is the step time (�tstep)
during which this amount of water has been produced. Therefore, in
the KMC algorithm, firstly, the system is developed by moving a wa-
ter voxel in the open space. Secondly, the time required for this pro-
cess should be estimated, and afterwards the corresponding amount
of generated water for this time interval can be calculated using the
Equation 2.

Choosing a process.—In each simulation iteration, one water
voxel is selected randomly and moved to an empty neighboring voxel.
By moving one water voxel, which is regarded as one KMC process,
the whole system reaches a new state of energy. If each water voxel
in the 3D grid is considered as one site, the total number of the pos-
sible processes in each iteration is equal to the sum of all the empty
neighbors of all the sites. The selection of the processes is based on
the corresponding rate constants calculated in each iteration. The cal-
culation of each rate constant is based on the surface energy difference
between the initial and final states of the corresponding process. This
somehow heuristic method of calculating the transition probabilities
from the surface energy values of the neighboring voxels is based on
the analogy of the voxel movement to the sliding of a drop downwards
on an inclined plane – the more inclination (difference in potential
energy), the larger the accelerating force and the faster the drop will
move. Furthermore, the moment of inertia is represented by an empiri-
cal term also reflecting hydrophobicity or hydrophilicity of the surface.
This principle has been verified for a drop, which is placed on a plane
having different hydrophilicities. The rate of spreading observed ex-
perimentally by Bird et al.29 could be reproduced in a pleasing way by
the KMC algorithm employed here, which helped to estimate the two
empirical values ω0 and Ea,0 in Equations 3 and 4.30 These equations
are used to calculate the KMC rates as follows:

ω j = ω0exp (−β�E ) [3]

�E = EFinal − EInit ial + Ea,0

N∑

i=0

ni�γ [4]
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where,
ω j is the rate constant of process j [s−1],
ω0 is an empirical pre-exponential factor [s−1],
β is a modified thermodynamic beta, which for NG number of water
molecules, temperature T , and the Boltzmann constant KB is defined
as: β = 1

NGKBT [J−1],
EFinal − EInit ial is the surface energy difference between the final and
initial states [J],
Ea,0 is an empirical constant,
N is the total number of all the existing material types in the structure
(GDL, water, air,…),
ni is the number of the neighboring voxels of type i, and
�γ is the change in the surface energy at the initial state by replacing
water with air [J].

In Equation 4, the first two terms represent the change in the energy
made by moving the water voxel from one site to another, and the third
term is the energy required to detach the water voxel from its initial
position. In order to calculate the energy difference, the surface prop-
erties of all the neighbors of the old and new positions of the moving
water voxel (position 1 and 2) are considered. Depending on the po-
sition of the neighboring voxel, specific weight factors are considered
for energy calculation. The six direct neighbors are fully considered
having the weight factor of one, whereas the diagonal neighbors are
taken into account with weights proportional to 1/R6, where R is the
distance of the voxel of interest and the corresponding neighbor. The
initial state of energy is calculated by summing up the surface energies
between each neighbor to water at position 1, and to air at position 2.
The final energy state is determined likewise but for swapped water and
air voxels. The more negative the difference between these two states
of energy becomes (which means in total the reduction of the surface
energy), the larger the resulting rate in Equation 3. The term related to
the detachment of the water voxel from its initial position introduces
the inertia withstanding the process for different cases. For example,
it is possible that in two different cases the energy differences between
the final and initial states are similar, but in one case, the water voxel
is in contact with a more hydrophilic neighborhood than the other one.
Thus, the energy required to detach the water voxel in this case should
be higher. In other words, drops may stick to the inclined hydrophilic
planes, but will run down a hydrophobic one. This excess energy re-
quired for each process is proportional to the change in the surface
energy of each site, if the water occupying it is replaced with air.

After all the rates are calculated, a random number from a uniform
distribution r1 ∈ (0, 1) is drawn to choose among the processes. The
process J among the total of P processes is selected, if the condition
introduced in Equation 5 is met:

J−1∑

j=1

ω j < r1

P∑

j=1

ω j ≤
J∑

j=1

ω j [5]

After the selection of the process, the corresponding water voxel will
be moved to the new position.

Calculating the step time.—The duration, which is assigned to
the step chosen by the algorithm described above, is related to the
respective rate constant. In order to calculate the step time, a second
random number is drawn from a uniform distribution r2 ∈ (0, 1),

which is then used in Equation 6.31

�tstep = log
r2∑P

j=1 ω j

[6]

After incrementing the clock by �tstep, the corresponding number
of generated water voxels for this duration will be calculated using
Equation 2. However, since according to the simulation results the
time required to generate one water voxel is usually – for sensible cur-
rent density values – eight orders of magnitude longer than the �tstep

calculated for a movement process, the amount of water produced
for this step time is relatively small that it cannot even fill one voxel
volume. An unaffordable computational effort is required to produce

statistically enough number of water voxels during the whole simu-
lation by summing up these small amounts of water produced during
each step. Therefore, it was decided to adapt the algorithm for simu-
lations on two timescales to be able to sample the comparatively rare
water generation events.

Multi-timescaling and adding water.—In this time-wise multi-
scale mode of the KMC algorithm, two extra parameters are required
as inputs: one iteration interval for the new long water generation
steps, and the mean duration assigned to them. The iteration interval,
which is named multiscaling step, defines the number of the ‘conven-
tional’ simulation iterations of water movement between every two
long steps of water generation. In other words, every time the iteration
count becomes a multiple value of this given interval, the correspond-
ing amount of water for the respective duration (multiscaling step time)
and the given current density is calculated using Equations 1, and is
inserted randomly into the GDL structure starting from the CL side.
After each long step the simulation time is advanced accordingly. The
choice of these multi-timescaling parameters in this work has been
made based on the idea that reaching a steady water distribution in the
structure (timescale of fast processes) should be assured before each
step of water production stemming from the electrochemical reac-
tions (timescale of slower processes). In other words, after the system
reaches a minimum in surface energy, no major changes are expected
to take place regarding the position and the size of the existing water
clusters. By varying these parameters in different simulations having
current densities up to 1.5 A cm−2, the optimal values found are:

Multiscaling step = 1 Million
Multiscaling step time = 0.01s

Thus, every one million step, the simulation time is incremented by a
long step time of 0.01 s, during which water is generated and added
to the structure.

Model validity.—In the multi-timescale KMC model, the amount
of water produced is calculated based on the given current density
and the step time as described earlier. Therefore, in order to validate
the model, it should be assured that the available water in the GDL –
after it is randomly inserted in the structure – is distributed correctly
at the time each step represents. Thus, the water movement process
and its relation to the time should be validated. Since the movement of
water is based on surface energy calculations, the method validation
has been accomplished30 by comparing the KMC simulation results
of water droplet propagation on surfaces with different contact angles
to the experimental results of the studies by Bird et al.,29 and Biance
et al.32 In the study performed by Bird et al.,29 using a high-speed
camera the shapes of droplets during spreading on surfaces having
different wettabilities are recorded with time. Comparing the simula-
tion results to the experimental results of this study has helped to fit
some parameters of the model (in equations 3 and 4) in a way that the
simulation results show an agreement to those of the experiment.30

Further data on the spreading of a water droplet on surfaces of differ-
ent wettability reported by Biance et al.32 has been used for validation
of the model and the fitted parameters. Additionally, the propagation
of liquid water on a surface having a wettability pattern featuring
two different contact angles to water simulated by the KMC model
has been validated30 by comparing the results to those of two lattice
Boltzmann studies.33,34 In order to inquire into the differences caused
by the multi-timescaling mode of the KMC algorithm, two test simu-
lations, once with and once without multiscaling were performed in-
cluding the same GDL structure and operating conditions. The current
density in both simulations had a value of 0.3 A cm−2. In the multi-
timescale simulation, the multiscaling step and the duration assigned to
it are defined as 50,000 steps and 0.01 s, respectively. The water distri-
bution results of both simulation types are illustrated in Figure 1. Since
both simulations started from a steady-state, no major change in the
water distribution was expected before inserting considerable amount
of water in the structure. In the simulations with no multi-timescaling
mode (a and c), this expectation has been fulfilled, since the

) unless CC License in place (see abstract).  ecsdl.org/site/terms_use address. Redistribution subject to ECS terms of use (see 193.197.66.72Downloaded on 2019-03-12 to IP 



Journal of The Electrochemical Society, 166 (4) F334-F342 (2019) F337

Figure 1. Comparison between the standard (a and c) and the multi-timescale KMC (b and d) modes in order to validate the model – current density: 0.3 A cm−2.

maximum time reached after 50 million iterations is relatively small,
and therefore the respective amount of water produced as calculated
for the given current density and timespan is insignificant. This prob-
lem has been solved in the simulation with the multi-timescaling mode
(b and d), as the simulation covers by orders of magnitude longer times,
and therefore, considerable water production near the CL (z = 0) was
recorded. Additionally, by comparing the results of both simulations,
it is observed that the distribution of the available water in the structure
remained mainly similar. In other words, using the multi-timescaling
technique the time required for water production is reached with af-
fordable computational effort. Simultaneously, the physics behind the
movement of water voxels, which is purely based on surface energy
calculations, is not affected.

Simulation Results and Discussion

The voxel based multi-timescale KMC simulations were performed
employing several inputs, which comprise: the local thermodynamic
boundary conditions including temperature, pressure and relative hu-

midity values obtained from a CFD study, the inner surface con-
tact angle of the GDL measured with an inverse gas chromatogra-
phy technique,4 and a real GDL structure obtained from synchrotron
tomography. The GDL structure under study is H1411 provided by
Freudenberg. A representative layer of the 3D GDL structure is shown
in Figure 2. In this figure, material is shown in white and void in
black. This structure cutout has a total surface area of 443.5 μm ×
3169.7 μm, and the GDL thickness has a value of 195.6 μm. Each
voxel in the simulation grid has a size of 4.348 × 4.348 × 4.348 μm3,
which is defined according to the tomography resolution. An overall
inner contact angle of 94° is measured and considered for the struc-
ture. Temperature and relative humidity values are defined locally,
with the average values of 330.5 K and 98%, respectively. Prior to the
KMC simulations, using the same thermodynamic boundary condi-
tions, a previously developed grand canonical MC model (GCMC)35

is employed to simulate the steady-state water distribution in six GDL
regions marked in Figure 2, each having a volume of 217.4 μm ×
217.4 μm × 195.6 μm. This GCMC model includes water movement,
and condensation/evaporation processes, but no time-axis and water

Figure 2. A representative layer of a GDL structure acquired by synchrotron tomography with a resolution of 4.348 μm. Material and void are shown in white
and black, respectively. Six regions having a surface area of 217.4 μm × 217.4 μm are selected for the MC simulations.
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Figure 3. Steady-state water (blue) distribution in two different structure cutouts (gray) of a GDL: (a) region 1 and (b) region 6 marked in Figure 2, simulated by
a grand canonical MC model.

generation due to current density.5,6,30,35 This has been carried out in
order to provide an initial state for the KMC simulations, since starting
from an already reached steady-state of the liquid phase can reduce the
time and the computational effort required in the KMC simulations
significantly. The 3D water distribution results of the steady-state MC
simulations for the regions one and six, and the corresponding pore
filling degrees are presented in Figure 3 and Figure 4, respectively.
The pore filling degrees are averaged over the y-axis, in order to min-
imize the effect of structural differences and simplify the illustration
of water distribution over the z-axis, which is the main water transport
direction from the CL to the channels. The average values of pore
filling degrees with liquid water in region one and six are 20.9% and
21.5%, respectively, which correspond to the total amount of water
divided by the entire open pore volume in each region. Averagely, the
upper areas having higher z-values host larger water clusters, but due
to a more open structure, these regions have relatively lower pore fill-
ing degrees in comparison to the lower areas having z-values below
70 μm. However, the middle regions (z = ∼130 μm) seem to have
only small amount of water in both structure cutouts, which is ex-
pected due to the lower local relative humidity values observed there
that can result in less condensations in these regions. The differences
observed in water distribution and pore filling degrees in two struc-
ture cutouts are naturally due to the minor structural inhomogeneities.
Nevertheless, the results of the simulations in these regions – as well

as in other four regions – were reproducible and have shown a similar
behavior toward water distribution, which assures that each of these
selected regions are capable of representing the GDL structure. There-
fore, for the KMC simulations, the region 1 has been selected and the
simulations have started with the water phase distribution inherited
from the previous simulation. In the KMC simulations, which have
covered 350 million total iterations, the effect of current density on
the quantity and distribution of liquid water was investigated. For this
purpose, two different current densities were used as inputs: 0.3 and
1.5 A cm−2. The 3D water distribution and the corresponding 1D pore
filling degree results at four different stages of time for the two cur-
rent densities are illustrated in Figure 5 and Figure 6. The pore filling
degree results are averaged over the x- and y-axes, in order to observe
the water content along the z-axis representing the thickness of the
GDL. Both simulations started from identical initial water configu-
rations at time zero. It is assumed that the CL is at the negative side
of the z-axis and the flow channel is adjacent to the GDL structure
at the opposite side above. Therefore, the water enters the structure
from z = 0 and leaves it from the opposite side. Of course, in reality,
water removal in the channels is affected by several factors, such as
geometry of the channels, surface properties, air flowrate and some
other operating parameters, and thus it implies specific challenges for
all simulation techniques to be employed in this region. As for this
study solely the water agglomerations within the GDL structure are of

Figure 4. Pore filling degree results in two different structure cutouts of a GDL: (a) region 1 and (b) region 6 marked in Figure 2, simulated by a grand canonical
MC model.
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Figure 5. Results of multi-timescale KMC simulation for j = 0.3 A cm−2. Water (blue) enters the GDL structure (gray) from the z = 0 (CL) and leaves from the
opposite side (channel).
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Figure 6. Results of multi-timescale KMC simulation for j = 1.5 A cm−2. Water (blue) enters the GDL structure (gray) from the z = 0 (CL) and leaves from the
opposite side (channel).
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interest, the KMC model has been simplified accordingly. However,
since removing the water immediately as it reaches the channel is not
realistic and might influence the water agglomerations in the struc-
ture below, here a part of the channel with a thickness of 21.74 μm
(5 voxels) is considered as a buffer layer, where the water can remain
and even move back into the GDL structure. This choice of channel
thickness has been made based on the size of the water clusters at the
initial state. It should be large enough to preserve the round shape of
the water droplets above. However, since no air flowrate is simulated
within the channel, the upper limit of the thickness is selected in a way
that no water droplets remain in the air with no contact to a surface.

In Figure 5, it is illustrated that a relatively low current density of
0.3 A cm−2 resulted in only a slight difference in the water content in
the regions near the CL after 3.5 seconds. Although the small pores
in this region have become gradually filled with the generated water,
the larger water clusters there remained mostly similar. Nevertheless,
at the upper regions close to the channel, the size of the large water
agglomerations has decreased over time, and consequently, the pore
filling degree values have reduced significantly due to the water re-
moval in the channel. This effect is mostly the result of the initial
state, where the steady-state water distribution in this GDL structure
has yielded large water clusters in the larger pores close to the channel –
according to the corresponding surface and pore space properties.
However, after these large water clusters have disappeared, the system
has shown a steady behavior in terms of water distribution over the
last 50 million iterations (0.5 s). By increasing the current density to
1.5 A cm−2, as it is shown in Figure 6, the amount of generated water
has been increased significantly. The voxel size employed in the sim-
ulations, which has been chosen based on the tomography resolution,
allows only for representation of the pores having diameters equal or
larger than 4.348 μm. Therefore, in the 3D results, it can be noted that
the regions near z = 0 (where the MPL structure is located) has a less
porous structure compared to the upper regions of the GDL. Due to
the limited number of the pores that are large enough to be presented
in this region, the pore filling degrees of up to 100% are observed near
z = 0 in Figure 6. Since the water insertion takes place in the open
pores from z = 0, these few pores form a kind of bottleneck for water
transport toward the channel. After almost 1 second (from t = 0.5 s
to t = 1.5 s), these few pores become filled, and due to the hydropho-
bic inner surface the water is continuously moved to the larger pores
above. However, also for the larger z values up to nearly 60 μm, it
is observed that the pore filling degrees have increased, but always
remained below 100%. From the results of both current densities, it
can be deduced that similar behavior has been observed near the flow
channel regions, where the structure has become dryer with time as the
result of water removal. However, by increasing the current density
the inserted water tends to join the existing water clusters in order to
build certain paths through the structure.

For both simulations, a layer having one voxel thickness within
the GDL structure is monitored in order to control the mass balance
of water. This balance layer, which can be chosen anywhere in the
structure perpendicular to the z-axis, in these simulations is located in
the middle of the GDL structure. At the end of each simulation, it is
assured that the difference between the water input and output through
this layer could be regarded as negligible. Additionally, the amount
and the distribution of liquid water have shown a stationary behavior
over the last 50 millions of iterations (0.5 s).

Conclusions

A voxel-based multi-timescale KMC algorithm was developed in
order to simulate the distribution of liquid water in a GDL structure
employing two different current density values. Real GDL structure
and boundary conditions from synchrotron tomography and a CFD
study, respectively, were employed. The model includes water move-
ment based on surface energy minimization and water generation as
the result of current density. With the current density values and the
voxel size employed, the time required for voxel-based movement
of water is orders of magnitude smaller than for water generation.

The KMC rate constants, which can be regarded as frequencies with
the unit of s−1, are much larger for faster processes, which results in
higher probabilities of selection. Therefore, the clock is incremented
only by the step times required for the fast water movement processes.
This will yield a very short total simulation time, which is not enough
for the water generation processes to occur statistically enough. To
solve this problem of such stiff system, the adapted multi-timescaling
algorithm allows for sampling both types of processes. Although the
simulation time is advanced by both processes, the step times assigned
to the infrequent long water generation steps are orders of magnitude
larger. The generated water is inserted randomly into the open pores
of the structure starting from the region close to the catalyst layer, and
migrates through the GDL.

The simulation results obtained so far demonstrate that the multi-
timescale KMC simulation technique is a viable tool to simulate the
water distribution resulting from a constant current density at certain
operating conditions in a realistic manner. The results show the effect
of different current density values on the water content and distribu-
tion within a GDL structure. Increasing the current density causes an
almost linear increase of the amount of liquid water in the open pores
of the GDL. Further studies will focus on the inclusion of conden-
sation and evaporation of water within the structure according to the
thermodynamic boundary conditions. Furthermore, the improvements
envisaged may even allow the algorithm to simulate the effects of dy-
namical changes in the operating conditions of a fuel cell on the GDL
water content, i.e. during load changes.
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Part IV.

Further results and discussion
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General information about the
Models

This part of the thesis consists of complementary information and results to those
published in the 3 papers included in Part III. The 1st and 2nd papers present
the developments and the results of the GCMC (standard MC) model in CL, MPL
and their interface [5, 6]. In these studies, the steady-state properties of the system
have been investigated, such as distribution of water agglomerations, pore filling
degree, and its relation to the available pore sizes in the structure. However, in the
3rd paper the newly developed KMC method is introduced, which is used to model
the evolution of water distribution with time in a GDL structure [7]. Although
these models present two different concepts in terms of methodology and the type
of the results they yield, there are some general basic properties and steps which
they have in common. In both methods, the movement of water is based on surface
energy minimization. Additionally, the required simulation inputs for both types
of simulations are mostly similar, as shown in Figure 1.1. Both models include
a 3D grid with a variable voxel size, which is chosen depending on the structure
under study and the tomographic resolution, since the 3D structure of each material
is obtained in a suitable tomography method. The GDL and MPL-CL structures
required in this thesis are obtained from synchrotron and FIB-SEM tomographies,
respectively. The operating parameters, including local relative humidity (RH),
Temperature (T) and absolute pressure (P) are received from computational fluid
dynamics (CFD) studies, and the surface properties are measured using an inverse
gas chromatography as explained in the work by Seidenberger et al. [19]. However,
having a time axis in the KMC model requires a completely different approach in the
algorithm. Nevertheless, the current density as a time-dependent parameter could
be directly integrated to the model for the first time.
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9. Further results of grand canonical
Monte Carlo

After performing the nano-scale MC simulations in the MPL region and having the
results analyzed successfully, the MC model was further developed for performing
steady-state simulations in the CL and the MPL-CL interfacial region. The results
of these studies are published in Paper 1 [5] and Paper 2 [6], respectively. The
3D reconstructions of the GDL, MPL, and CL structures, which are obtained from
tomography studies, provide the information on the material and void coordinates.
In the FIB-SEM tomography of the MPL-CL interface used in this work (explained
in detail in Paper 2) the type of each of these layers, and consequently the inter-
face, can be recognized due to different gray-scales. However, the local information
on the chemical compounds available within each structure cannot be derived from
the tomography results. Nevertheless, in the simulations within the GDL and MPL
structures, graphite and teflon have been considered as the two available materials
having certain surface coverages. To assign the surface properties of these materials
locally in the structure there are two possibilities: distributing the corresponding
contact angle randomly with defined surface coverages, or proposing one unite sur-
face having one single average contact angle. Having compared the simulation results
of both methods for a GDL structure, no significant difference has been observed.
Therefore, for the simulations in the MPL structure presented in Paper 1 the latter
method with one overall contact angle is employed. In this paper, in contrast to
the second paper, the simulations in the CL and the MPL are performed separately.
As explained previously in section 7.1, the CL structure used in the simulations is
Nafion R©-based having surface coverages of 50% assigned for both ionomer and cata-
lyst support, which are randomly distributed in the structure. The surface coverage
of the catalyst particles is assumed to be negligible.
The MC simulations in the MPL-CL interface are performed in two different struc-
ture cut-outs. However, in Paper 2 the simulation results correspond to only one
cut-out. Nevertheless, the outcomes of the pore filling degree analysis illustrated in
Figure 7 of this paper include both cut-outs (region 1 and 2). Hence, in this section,
the simulation results of the second cut-out, employing the same operating condi-
tions and wetting properties are presented. By comparing these further simulation
outcomes (presented below in Figure 9.1 to Figure 9.3) to those in the paper, it
could be assured that the MC simulations in the MPL-CL interface have been re-
producible. These results show the water distribution in the MPL-CL structure for
two different relative humidities: 80% and 99.5%. In these simulations the contact
angle of the MPL was set to a constant 92◦, while at the CL side, for a sensitivity
study purpose, the overall contact angle has been varied as follows: the catalyst
support contact angle was kept constant at 82◦, and that of the ionomer was given
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9. Further results of grand canonical Monte Carlo

three values of 25◦, 46◦, and 80◦. More details on the reason of these choices can
be found in Paper 1 [5]. In the 3D results in Figure 9.1, it is shown that the water
amount in the structure has been significantly increased by increasing the relative
humidity from 80% to 99.5%. In the left column, which shows the results for the
RH = 80%, it is observed that only a few number of water voxels exist in the struc-
ture, which are mostly agglomerated at the interface and the back side of the CL.
The back side of the CL (x > 5 µm), represents the wall in the simulations, which is
a layer employed to lift the periodic boundary conditions in this direction. Since the
wall does not contribute to the surface energy calculations, it is a preferred place
for the water to accumulate. This effect can resemble the presence of the membrane
at this side. By increasing the ionomer contact angle from top to bottom, even this
low amount of water decreases and finally vanishes, since by increasing the contact
angle water tends to move to the larger pores, and yet such large pores do not
exist in the CL structure. In other words, there are no preffered locations for the
water agglomerations that are stable over many GCMC iterations, and therefore,
the water voxels move so often that they do not apear in each location statistically
enough. In the right column for higher relative humidity, it is can be noted that the
distribution of water in the MPL does not change significantly. However, on the CL
side the accumulations at the interface decrease by increasing the ionomer contact
angle. In Figure 9.2, the 3D results are used to convert the local information on
the amount of liquid water to the 2D pore filling degree results, by averaging the
data over the y-axis. Although no structural information is included in this figure,
this way of illustration of the data has helped to recognize the interface easier only
based on the location of the water accumulations. In these results it is also ob-
served that changing the RH value has significantly influenced the water amount
in the structure. For the RH = 99.5%, it can be noted that the closed curves that
represent the areas with the same pore filling degree values are generally larger at
the MPL side. If the size of these closed areas could approximate the dimensions of
the water clusters, this effect can easily be explained by the difference between the
surface contact angles of the CL and the MPL to water, as well as the pore sizes
available in both structures. The water accumulations at the interface interestingly
explain the effect of differences in the wetting properties of both structures. Since,
the difference in the surface contact angle to water between these two layers can
cause a surface energy barrier to water transport. Hence, by increasing the ionomer
contact angle, which results in an increased overall CL contact angle and decreased
contact angle difference between both sides, the water accumulations at the interface
shrink considerably. This effect can also be observed in Figure 9.3, where the 1D
results indicate a jump in the water amount at the interface, which gets smaller by
increasing the ionomer contact angle. In addition to the statistical information on
the pore filling degree, these 1D results can help to get an idea on how liquid water
is averagely transported along the x-axis from the membrane side towards the MPL.
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a) RH = 80%, θionomer = 25◦ d) RH = 99.5%, θionomer = 25◦

b) RH = 80%, θionomer = 46◦ e) RH = 99.5%, θionomer = 46◦

c) RH = 80%, θionomer = 80◦ f) RH = 99.5%, θionomer = 80◦

Figure 9.1.: Water distribution in the MPL-CL interface for RH=80% (left) and
RH=99.5% (right), as the result of MC simulations with the voxel size
of 50 nm, a constant θMPL = 92◦ and different overall CL contact angle
to water, including a constant θCatalyst support = 82◦ and increased θIonomer

from top to bottom.
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Figure 9.2.: 2D pore filling degree in the MPL-CL interface for RH=80% (left) and
RH=99.5% (right), as the result of MC simulations with the voxel size of
50 nm, a constant θMPL = 92◦ and different overall CL contact angle to
water, including a constant θCatalyst support = 82◦ and increased θIonomer

from top to bottom.
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Figure 9.3.: 1D pore filling degree (occupation) in the MPL-CL interface for
RH=80% (left) and RH=99.5% (right), as the result of MC simulations
with the voxel size of 50 nm, a constant θMPL = 92◦ and different over-
all CL contact angle to water, including a constant θCatalyst support = 82◦

and increased θIonomer from top to bottom.
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10. Further results of multi-timescale
kinetic Monte Carlo

Earlier in section 7.2 the characteristics of the KMC model have been introduced
in detail, and the first valid simulation results are published in Paper 3 [7]. In this
chapter, firstly, the accuracy of the method for the surface energy calculations is
validated by simulating water generation and movement on surfaces having different
contact angles to water. Secondly, the initial results obtained before publishing the
third paper are discussed. In addition to that, the simulations performed for Paper
3 have been continued, and the corresponding results, which show the effect of
different multi-timescaling parameters on the convergence of the simulations for an
expanded time, will be presented.

10.1. Droplets spread on different surfaces

In order to validate the water movement algorithm of the KMC model, propagation
of liquid water on three ideal surfaces having contact angles of 55◦, 94◦, and 120◦

to water was modeled. In these simulations, similar to the multi-timescaling KMC
ones in real GDL structures, water insertion takes place periodically for every defined
number of steps (here, every 70 thousand steps) from z = 0. For all three simulations
the current density has been set to a constant of 1.5 A cm−2. The simulations started
with 0.8 vol% of initial hydration, which was randomly distributed in a free volume of
50× 50× 49 voxels, with the voxel size of 4.348 µm. The solid surface is positioned
on the xy-plane at z=0, and has a thickness of one voxel. As it is illustrated in
Figure 10.1, after 0.07 s the situation for all three surfaces is similar, where small
water clusters are still moving freely within the simulation volume, which is due
to the random water positioning at the time zero. However, later on as the water
movement takes place, the water mostly tends to stick to the surfaces. Moreover,
the shapes of the clusters seem to be different after 1 second as the result of different
wetting properties of the surfaces. As the generated water enters the system the total
amount of water on the surfaces increases with time. Although on the hydrophilic
surface (θSurface = 55◦) water forms a thin layer that covers the surface with time, on
the hydrophobic surfaces it forms rather droplet-like shapes in order to minimize its
contact to the surfaces. However, after 7 seconds the droplets on the surface having
θSurface = 94◦ are flatter in comparison to those on the more hydrophobic surface
with θSurface = 120◦. Overall, the results of these simulations show that the surface
energy calculations of the KMC model, which are based on real surface properties,
can model realistic movement of water that is in favor of energy minimization of the
system.
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Figure 10.1.: Multi-timescaling KMC simulation to test liquid water propagation
on surfaces with different wetting properties, having J = 1.5 A cm−2,
Multiscaling step = 70, 000, and periodic boundary conditions over the
xy-plane.
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10.2. Development of the multi-timescaling
simulations

Prior to the discussion of the results, some simulation inputs, which are required
in the multi-timescale KMC model (in addition to those required for the GCMC
model), are introduced:

Buffer layer Before a simulation is started, the structure provided by the respective
tomography study is translated to a matrix of numbers, which is readable by the
program. Each number represents one type of material and zero represents void.
Since the water removal takes place at one end of the GDL, which is adjacent to
the flow channel, a layer of free voxels is constructed at this side of the structure,
representing a part of the channel. This will help to prevent the possible undesired
effects on the water content inside the structure caused by sudden water removal,
although no air flow is modeled within the channel. The water voxels in this layer
have a chance to remain there or return to the structure, if it is likely to happen
based on the surface energy calculations, or eventually move out. The thickness of
this layer can be set as an input. The buffer layer in this work included 5 free voxels,
which made a total thickness of 21.74 µm.

Multiscaling step (KMC step) Multi-timescaling has been pursued as a strategy
in order to be able to sample both fast and slow processes (having rate constants
different by orders of magnitude) within the KMC algorithm. The model includes
the normal water movement processes for a defined interval, and the alternating
longer processes of water generation in between. The length (number of iterations)
of this interval is called KMC step, which can be changed for each simulation.

Multiscaling step time (Delta twater) As opposed to the conventional simulation
iterations, in which mostly the water movement processes take place, the duration
assigned to the long multi-timescaling iterations is not calculated based on the rate
constants of the processes on the fly, and is defined as a constant value. This step
time is implemented as a simulation input parameter named Delta twater. In the
simulation results presented in this thesis the step time is defined as 0.01 seconds,
while the time required for voxel-based movement of water is usually on a picosecond
scale.

Actual KMC time Time is the fourth axis of the KMC simulations and therefore
plays an important role in the interpretation of the results. Actual KMC time is an
input parameter, which defines not only the staring point of the simulations, but
also the position on the time axis after each process. In other words, this parameter
is the clock of the simulations, which gets updated after each iteration. In case of
continuing a simulation, this parameter takes the time reached in the last iteration
as the starting point.
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Current density The value of current density can be directly fed into the program
as an input. It is used to calculate the generated water during each iteration step
time, as explained in section 7.2.

Balance layer In order to control the rate of water movement from the CL to the
flow channel, a balance layer with a thickness of one voxel can be selected anywhere
in the structure perpendicular to the z-axis. In the simulations presented in this
work, it is the 20th voxel layer between the reaction layer (where the produced water
enters the structure) and the channel (where water leaves the structure) having the
total of 45 layers. The number of the water voxels, which enter and leave this layer
are observed during the simulations, and finally it is assured that they have merged.
However, this is an additional monitoring to the final controlling of the simulation
convergence, which is performed by plotting the number of water voxels entering
and exiting the structure versus time. This will be explained later.

First simulation attempt

In the multi-timescale KMC model, the amount of water that enters the system each
time is calculated based on the corresponding step time and therefore, accurate at
each state of time the system represents. However, changing the two multiscaling
parameters (step and time) can directly influence the overall duration that the simu-
lations can reach, and consequently the total amount of water added to the structure.
Although the short normal steps during which the water movements take place do
not affect the total time significantly (due to their small orders of magnitude), hav-
ing enough of them is essential in order to settle the system thermodynamically, or
in other words reaching a steady-state. By way of explanation, for each total amount
of water in the structure, there has to be a minimum number of movement processes
required in order to generate a minimum energy configuration of the system. After
the system is settled in terms of the surface energy, further performing the normal
steps will not affect the position of the water clusters, and thus the energy state of
the system significantly. Therefore, in order to find a suitable set of these parameters
and learn about the possible effects, different studies have been performed. In these
studies, the temperature and relative humidity values are defined locally, with the
average values of 330.5 K and 98%, respectively (similar to the simulations in Paper
3). The first choice of the multi-timescaling parameters for the KMC simulations
were as follows:

Multiscaling step 50, 000

Multiscaling step time 0.01 s

The simulation results employing these parameters for two current densities, 0.3
and 1.5 A cm−2, are shown in Figure 10.2 and Figure 10.3, respectively. As it
can be noticed in the results, the multiscaling step is not long enough to perform
the required water movement processes between each two water insertion steps.
Consequently, before the already available water voxels can find their proper location
in favor of surface energy minimization or leave the structure to the flow channels,
the next batch of generated water voxels enter the structure, which leads to filling
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up the system from bottom to top. This effect is larger for higher current densities,
and as it is shown in the 1D analysis, by increasing the current density the time
required to fill up the structure up to a certain depth decreases.

Second simulation attempt

Based on the outcomes of the last simulations, for the second choice of the multi-
scaling parameters, the multiscaling step has been extended in order to let the liquid
water in the structure to settle in terms of surface energy. The new choice of these
parameters for the second batch of KMC simulations were as follows:

Multiscaling step 1, 000, 000

Multiscaling step time 0.01 s

Employing these parameters, KMC simulations were performed for three current
density values: 0.3, 0.9 and 1.5 A cm−2 for 350 million iterations. The results
were convincing in terms of stability of water distribution in the GDL structure
taking into account the influence of current density and surface wetting properties.
The results of these simulations for the lowest and largest current densities have
been published in Paper 3. Nevertheless, the simulation results for the medium
current density value, 0.9 A cm−2, for the same stages of time (as given in Paper
3 for other two current densities) are shown in Figure 10.4. Additionally, in
order to visualize the effect of current density on water distribution over time in
a clearer fashion, the 1D results for all three current densities for four stages of
time are brought together in Figure 10.5. There is an obvious increase in the pore
feeling degrees near the CL region (z = 0) for all the current densities. However,
this increase gets larger with increasing the current density value. An opposite
behavior is observed in the regions near the flow channel, where the pore filling de-
grees decrease gradually with time in an almost similar way for all three simulations.

After observing the effect of the multiscaling parameters on the stability of the
results, it was deduced that there should always be an optimum value for the multi-
scaling step and time depending on the amount of available water in the structure.
In other words, the number of iterations required to reach a steady-state is depen-
dent on the quantity of water in the GDL. Therefore, in simulations employing a
multiscaling step, which is much shorter than the required iterations for reaching
a steady-state in water distribution, flooding can occur (as observed in Figure 10.2
and Figure 10.3). As opposed to that, using a multiscaling step, which is too long
for the available water in the structure, will result in an inefficient computation,
where the steady-state can be reached long before the algorithm is finished with
performing the unnecessary water movement processes. Hence, as the next step,
the last simulations performed for 350 million iterations using the above-mentioned
multiscaling parameters (part 1), are continued for further 150 million iterations,
but using a different multiscaling step for each current density (part 2). The multi-
scaling steps employed in the second part of the simulations (iterations 350- to 500
million), which increase with the value of current density, are listed below:

83



t = 0.1 s

 50 100 150
z [ m]

0

0.2

0.4

0.6

0.8

1

P
or

e 
fil

lin
g 

de
gr

ee

t = 0.1 s

t = 20 s

 50 100 150
z [ m]

0

0.2

0.4

0.6

0.8

1

P
or

e 
fil

lin
g 

de
gr

ee

t = 20 s

t = 40 s

 50 100 150
z [ m]

0

0.2

0.4

0.6

0.8

1

P
or

e 
fil

lin
g 

de
gr

ee

t = 40 s

t = 60 s

 50 100 150
z [ m]

0

0.2

0.4

0.6

0.8

1

P
or

e 
fil

lin
g 

de
gr

ee

t = 60 s

Figure 10.2.: The first multi-timescaling KMC results for J = 0.3 A cm−2, employing
the following parameters: Multiscaling step = 50,000 & Delta twater=
0.01 s, which resulted in a flooded system.
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Figure 10.3.: The first multi-timescaling KMC results for J = 1.5 A cm−2, employing
the following parameters: Multiscaling step = 50,000 & Delta twater=
0.01 s, which resulted in a flooded system.



10. Further results of multi-timescale kinetic Monte Carlo

Current density [A cm−2] Multiscaling step
0.3 400,000
0.9 600,000
1.5 700,000

The results of these simulations for all three current densities are illustrated in
Figure 10.7, Figure 10.8 and Figure 10.9. As mentioned before, these results are
complementary to those presented previously in Paper 3 for the current densities
0.3 and 1.5 A cm−2, where the simulations had reached the total time of 3.5 s. In
the new simulations, the ’actual KMC time’ started from 3.5 s and reached different
lengths depending on the employed multiscaling step. The larger the multiscaling
step, the fewer the long steps of 0.01 s within the total of 500 million iterations,
and therefore, the shorter the overall simulation time. By comparing the results of
both simulation parts, an increasing trend in pore filling degrees in regions near
the CL during the first 3.5 - 4 seconds is notable for all three current densities.
However, afterwards, the changes made in water content within the regions having
z < 100 µm were minor for all simulations. Nevertheless, the effect of current
density on the amount of generated water is evident; by increasing the current
density, the pore filling degrees in any certain depth in these regions have increased.
On the other hand, in the upper part of the structure (z > 100 µm), a slight
decrease in the pore filling degree values is observed. Moreover, as it also can be
seen in the 3D results, after the large water agglomerations near the flow channel
(as the result of steady-state initial hydration) vanished, no significant change
has been made due to the water removal. Overall, the results showed a stable
behavior indicating a steady-state, especially in the second part of the simulations.
However, as a measure of this stability, for each simulation the number of the
water voxels, which entered the structure as the result of the cell’s electrochemical
reaction (current density), as well as the ones that left the structure into the flow
channel are monitored during each multiscaling step and plotted versus time. The
simulations are performed until these two curves have merged. This evaluation of
simulation convergence for the whole simulation time (part 1 and 2) is illustrated
in Figure 10.6. In this figure, by comparing the data points of both parts, the effect
of multiscaling step becomes more clear. Especially for the lowest current density,
it is observed that in the first part, the multiscaling step has been too long, which
caused a large difference between the number of the inserted and removed water
voxels. It should be taken into account that beside the low current density value,
another reason that caused this large difference has been the water distribution at
the initial state having large water clusters near the channel, which was modeled
using the GCMC algorithm. Although the downward trend of the water outlet
data points shows that the simulation was approaching the steady-state, the
computation required would have been considerably larger. However, by decreasing
the number of water voxel movements between each two water insertion processes,
for all three current densities the steady-state is reached with less effort. In other
words, the simulations were performed until the position of all the available water
voxels in the structure, as well as the water removal count have become independent
of time. As expected, the different choices of multiscaling steps depending on the
current density value has helped to achieve the steady-state (as defined earlier) at
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10.2. Development of the multi-timescaling simulations

a) t = 0.5 s d) t = 1.5 s

b) t = 2.5 s e) t = 3.5 s

Figure 10.4.: The multi-timescaling KMC results for J = 0.9 A cm−2, employing the
following parameters: Multiscaling step = 1,000,000 & Delta twater=
0.01.
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Figure 10.5.: The 1D multi-timescaling KMC results for three current densities em-
ploying the following parameters: Multiscaling step = 1,000,000 &
Delta twater= 0.01.
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a) J = 0.3 A cm−2, for 3.5 - 7.2 s: KMC
step = 400,000

b) J = 0.9 A cm−2, for 3.5 - 6 s: KMC
step = 400,000

c) J = 1.5 A cm−2, for 3.5 - 5.6 s, KMC step = 700,000

Figure 10.6.: The convergence evaluation of the KMC simulations by monitoring the
number of entering and exiting water voxels in the system, including
two parts: part 1 (0 - 3.5 s) employing the same multiscaling param-
eters for all current densities - KMC step = 1 million & Delta twater=
0.01 s, and part 2 (from 3.5 s on) employing different KMC steps.

an almost similar time for all simulations.

The last KMC simulation results have sparked an idea for a future work, which is
developing the KMC model into a self-improving algorithm that is capable of self-
varying the multiscaling step. To be more precise, water is moved until reaching
a steady-state, and as the next step new water voxels can be generated (for the
respective current density value and step time) and added to the structure. An-
other objective is to integrate water condensation and evaporation processes into
the model. This, however, requires a careful integration of the time-calculation-
algorithm, that takes into account the pore size scale of the respective study, as well
as the time proportionality to other available processes within the model.
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Figure 10.7.: The continued KMC simulation results for 0.3 A cm−2 with following
parameters: Multiscaling step = 400,000 & Delta twater= 0.01 s
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Figure 10.8.: The continued KMC simulation results for 0.9 A cm−2 with following
parameters: Multiscaling step = 600,000 & Delta twater= 0.01 s
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Figure 10.9.: The continued KMC simulation results for 1.5 A cm−2 with following
parameters: Multiscaling step = 700,000 & Delta twater= 0.01 s



11. Conclusion

In this PhD thesis, the effects of different boundary and operating conditions, struc-
tural and wetting properties on the amount and distribution of liquid water within
real cathode GDL, MPL and CL structures of PEMFCs are investigated. The study
includes two major parts:

Steady-state water distribution with no time axis In the first part, a grand
canonical Monte Carlo (GCMC) model, which was developed to study steady-state
water distribution in GDLs, is further developed to investigate the effect of interface
between the MPL and the CL structures on water transport. Hence, in the model
the possibility of having more than one structure (here MPL and CL) - each possibly
including more than one material - is provided. The model includes water movement
based on surface energy minimization, as well as condensation and evaporation
events predicted by chemical potentials. In the simulations, the MPL features an
average hydrophobic inner contact angle. However, the CL including ionomer and
catalyst support (the effect of catalyst particles is assumed negligible) is considered
hydrophilic. A sensitivity study is performed by changing the ionomer contact angle
to water, which is not easily accessible by experiment. The results show that the
water agglomerations tend to accumulate at the interface, not only due to the change
in the size of the pores, but also in the surface wetting properties by crossing the
interface. The larger the difference between the average inner contact angle of the
MPL and the CL, the more water accumulations found at the interface. Therefore,
in order to increase the performance of PEMFCs by facilitating the water transport
from the CL to the flow channels, one suggestion of this study is to decrease the
change in the wetting properties at the interfaces to reduce the surface energy barrier
to water transport paths.

Evolution of water distribution with time In the second part, a new multi-
timescale kinetic Monte Carlo (KMC) model is developed, in order to enhance the
study by bringing into account the effect of time and time-dependent parameters
such as current density. Similar to the GCMC model, the KMC model is voxel
based and capable of using real structures from tomography, and realistic boundary
conditions from CFD studies. The processes included in the model are water
movement based on surface energy calculations, and water generation as the result
of current density. The water removal into a flow channel is also included. The
system evolves from one state to another by choosing a process path among all
the movement possibilities. For each possible process of water movement, a rate
constant is calculated, which defines how fast the process can take place. The
calculation of the rate constants is based on the surface energies of the initial and
final states. The larger the reduction in energy, the larger the rate constant and the
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faster a process occurs. The probability for a process being selected is proportional
to its rate constant. Therefore, the chance for the slower processes to be sampled
enough (or at all) during a simulation can be very low. Yet, the occurrence of such
slow processes can be crucial for simulations over an extended period, especially
if the corresponding processes are under study. In the simulations presented in
this work, the voxel-based (few micrometers length) water production is orders of
magnitude slower than the water movement. Therefore, by performing the straight
forward KMC simulations, where no multi-time scale algorithm is included, the
time is advanced with the small time steps of movement processes. This yields a
very short total simulation time, and hence, the amount of water produced can
not represent the effect of current density at all. Reaching long simulation times
employing such models requires unaffordable computational efforts. Therefore, the
multi-timescale KMC model developed is designed to include processes of different
timescales in an efficient way. For this purpose, the short water movement steps
take place until reaching a steady-state, and afterwards water is generated for
a defined duration and current density. This will be repeated until the water
distribution in the structure is independent of time. The results of the simulations
show that although the amount of water near the CL increases with time, the
regions near the flow channel get dryer. Additionally, increasing the current density
increases the overall water quantity in the GDL structure.

To summarize, in this dissertation modeling studies on steady-state water (liquid)
and air (gas) distribution in real cathode porous media of PEMFCs are performed.
Time is integrated to a new KMC model as the fourth axis, which enables investiga-
tions on the effect of current density on pore filling degree values in structures. The
models developed are validated successfully. The results show the dependence of wa-
ter generation (in KMC model) and transport on different physical and structural
properties as well as cell operating conditions.
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