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Abstract
Realistic three-dimensional reconstructions of solid oxide fuel cell (SOFC) microstructures are
essential for understanding structure-property relationships and optimizing performance. This
work presents a physics-informed, stochastic microstructure generator that extends existing
particle-packing and spherical harmonics-based methods designed for lithium-ion battery elec-
trodes to the more complex, multilayered structures of SOFCs. The approach integrates a discrete
element method for realistic sphere packing, an enhanced neighbor graph for inter-particle con-
nectivity, and a spherical harmonics-based shape generation constrained by contact points. The
resulting structures are represented using a multiphase-field method and calibrated through a
multi-objective Bayesian optimization framework against morphological metrics derived from
focused ion beam–scanning electron microscopy tomography, including volume fraction, tortu-
osity, specific surface area, and equivalent radius distributions. The method accurately reproduces
both porous and dense SOFC layers, as well as complete multilayer structures, achieving low devia-
tions from experimental data and strong visual agreement. This generator enables the efficient and
systematic generation of virtual SOFC microstructures with controllable morphological properties
and multiphase-field representations suitable for subsequent morphology-resolved simulations.
It therefore provides a versatile framework for microstructure design and for preparing calibrated
virtual structures for further electrochemical, electro-chemo-mechanical, or degradation studies.

1. Introduction

Solid oxide fuel cells (SOFCs) are a promising technology for efficient energy conversion due to their
high operating temperatures, fuel flexibility, and long-term stability [24, 66]. Related advances in solid
oxide electrolysis cells, proton-conducting solid oxide cells, and direct-ammonia SOFC concepts further
highlight the broad technological relevance of solid oxide electrochemical systems and the need for tai-
lored microstructures and materials design [19, 38, 48]. The durability of SOFC components remains
important for practical deployment [39]. This includes challenges related to mechanically robust elec-
trode architectures, durable interconnect materials, and stable electrode and cathode surface chem-
istry under operation [27, 34, 39]. One of the most critical factors influencing SOFC performance is
the microstructure of the individual layers, particularly in the electrode and electrolyte regions. These
microstructures govern essential properties such as transport efficiency, mechanical integrity, and elec-
trochemical activity through morphological features like volume fraction, tortuosity, specific surface area
(SSA), and triple phase boundary (TPB) density [7, 27, 34, 35]. Despite advancements in experimental
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characterization techniques, the analysis of SOFC microstructures remains limited by current imaging
techniques. Focused ion beam-scanning electron microscopy (FIB-SEM) tomography, while powerful, is
constrained by high costs, long acquisition times, and the relatively small volumes that can be analyzed
[6, 12, 62]. Additionally, inherent variability in experimental samples due to fabrication inconsistencies
can obscure systematic investigations of morphology-property relationships. To address these challenges,
the generation of virtual microstructures has emerged as a powerful complementary approach. Such vir-
tual structures enable the controlled variation of microstructural parameters and are particularly well-
suited for parametric studies, numerical simulations, and digital material design.

More recently, machine learning techniques such as artificial neural networks [63], generative diffu-
sion artificial intelligence [42] and generative adversarial networks [16, 23] have shown promise in syn-
thesizing microstructures from 3D training data. These techniques have also been combined with convo-
lutional neural networks [41], for example. While these methods can capture complex features and offer
high-speed generation, they often require extensive datasets and lack physical interpretability. Compared
with purely data-driven approaches, the present framework provides directly interpretable input param-
eters, without requiring large 3D training data volumes, and allows layer-specific morphological charac-
teristics to be prescribed in a transparent manner. This is particularly advantageous for multilayer SOFC
structures, where porous and dense layers with different functions must be generated in a controlled and
physically consistent way.

Stochastic reconstruction methods, which match statistical descriptors such as porosity or correla-
tion functions, allow efficient sampling of microstructures but often fail to accurately represent TPBs
and particle connectivity [64, 65]. Feinauer et al [14] introduced a stochastic modeling approach that
uses Gaussian random fields defined on the sphere to represent particle shapes. This method, designed
for battery electrode modeling, enabled controlled sampling of irregular particle geometries via spher-
ical harmonics and facilitated statistical reproduction of shape characteristics observed in experimen-
tal datasets. Extending this concept, Westhoff et al [60] developed a structure generation approach for
lithium-ion battery electrodes, combining particle packing with shape modeling and neighborhood graph
construction. Their method used a force-biased packing algorithm along with a minimum spanning tree
(MST) based contact network to define inter-particle connectivity. The resulting microstructures could
reproduce particle clustering and distributions observed in tomographic data. Although it was originally
developed for battery materials, the general framework can be adapted for use with other types of het-
erogeneous porous media.

To the authors’ knowledge, no method has so far been published that enables the systematic gener-
ation of virtual microstructures comprising multiple distinct layers with individually controllable mor-
phological properties. Most existing approaches are restricted to single-layer or morphologically homo-
geneous domains, whereas real SOFCs consist of stacked porous and dense layers with fundamentally
different functions and microstructures. This work addresses this gap by introducing a physics-informed
structure generator explicitly designed for multilayer SOFC architectures. The aim is not to compete
with data-driven approaches in terms of generation speed after training, but to provide a transparent
and physically grounded framework for the targeted design and systematic investigation of layer-specific
microstructures.

In this work, we extend and adapt the methodology of Westhoff et al [60] to develop a flexible vir-
tual structure generator specifically designed for multilayered SOFC microstructures. The generator com-
bines a discrete element method (DEM) for realistic particle packing, a neighbor-graph algorithm for
inter-particle connectivity, and spherical harmonics for shape generation. The generated microstructures
are converted into smooth, continuum-based representations using a multiphase-field method (MPFM),
which facilitates analysis and simulation. To ensure close agreement with real structures, the generator
is calibrated using a multi-objective Bayesian optimization (BO) framework, targeting experimentally
derived metrics such as volume fraction, tortuosity, SSA, and particle size distribution.

The structure of the paper is as follows: section 2 details the methodology, including structure gen-
eration, experimental reconstruction, MPFM representation, and optimization. Section 3 presents vali-
dation results for both single-layer and multilayer structures. Section 4 discusses the implications of our
findings and concludes the work.

2. Methods

This section details the methodology employed in this study, which includes the generation of artificial
SOFC microstructures, reconstruction of experimental data, volume element representation using the
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Figure 1. The microstructure generation workflow used in this study is outlined as follows. The generation of virtual microstruc-
tures is achieved through the packing of spheres and the use of spherical harmonics, yielding a representation of a volume in the
context of the multiphase field method. In contrast, experimental data is used in conjunction with segmentation techniques to
reconstruct a multiphase field representation. A comparison is made between the virtual and experimental data using a selection
of morphological metrics.

multiphase field method, analysis of morphological metrics, and optimization of generator parameters by
a BO. The full workflow is illustrated in figure 1.

2.1. Structure generator
The virtual structure generator used in this work is based on the methods of Feinauer et al [14] and
Westhoff et al [60], originally developed for lithium battery modeling. These methods have been
extended to address the specific requirements of multilayer SOFC architectures. The generation process
consists of three primary steps:

1. Packing of spheres: Based on a discrete element method, hard spheres are packed densely in the
domain, respecting particles-size distributions of different materials and different layers of spheres.

2. Creating a neighbor graph: Based on the hard spheres packing, contact points are defined. This is
done based on a neighbor graph connecting all spheres, minimizing the free length of the connection
between the spheres.

3. Creating particle shapes: Using spherical harmonics, based on a given angular energy spectra, for each
sphere a particle shape is generated. Thereby, the previously defined contact points are considered.

The result of this process is a parametrized microstructure, which is then further processed by a vox-
elization step and the creation of diffuse interfaces via a MPFM (see section 2.5 for further details).

2.1.1. Packing of spheres
The dense packing of spheres is widely investigated in the literature [2, 17, 36, 37, 53, 57]. The main
approaches, without being exhaustive, are either based on the force-biased algorithm or on the dis-
crete element method (DEM). Westhoff et al [60] used the force-biased algorithm, which is based on
collective rearrangement using a pseudo-force. This method has been shown to achieve dense, non-
overlapping packings in both monodisperse [28, 30] and highly polydisperse systems [4]. In contrast, the
DEM approach simulates the physical forces acting on particles, including contact models, gravity, and
friction [4, 29]. Despite the extensive use of the force-biased algorithm for generating porous microstruc-
tures, this work adopts a DEM-based approach. The DEM was first introduced by Cundall and Strack
[9] and has become an established method for simulating particle packing, as well as particle flow and
particle-fluid interactions. The advantage of DEM lies in its basis in Newtonian mechanics, which sim-
plifies the incorporation of multiple layers within the structure of SOFC microstructures. A comprehen-
sive overview of DEM applications is provided in Zhu et al [67, 68]. State-of-the-art software packages
such as LAMMPS [56] offer highly efficient and parallelized implementations for large-scale particle pack-
ing simulations. In this work, particles are modeled as granular, spherical entities with defined mass,
radius, and material type. Their dynamics are described by position, velocity, and force. The pairwise
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force between two spherical particles i and j is defined by

Fij =

{
Kδijnij, δij < 0

0, δij ⩾ 0,
with δij =

∣∣∣di − dj
∣∣∣− (

ri + rj
)
, (1)

where di is the position vector and ri the radius of the ith particle, and nij is the unit vector pointing
from particle i to particle j. This models a Hookean spring with a repulsive force between overlapping
particles, proportional to the overlap distance δij, with a stiffness constant K [52]. Additionally, a viscous
damping force

Fi =−γvi, (2)

is applied, where vi is the velocity of particle i and γ is a damping coefficient. This force dissipates
energy from the system and leads to energy minimization. Physically, it can be interpreted as mimick-
ing the effect of a viscous medium, such as a particle suspension in processes like screen printing.

At the beginning of the packing simulation, particles are placed randomly in their assigned SOFC
layer. To enforce layer separation, particles that attempt to cross a boundary are reflected: their updated
position is mirrored and the velocity direction is flipped [5]. Unlike traditional DEM simulations for
granular media, gravitational forces are not applied here, as it introduces anisotropy that is undesir-
able in dense packing scenarios. The system is assumed to be governed mainly by the pairwise interac-
tion force in equation (1) and the damping force in equation (2). The domain is treated as periodic.
However, in the stacking direction, where multiple SOFC layers are placed, the domain is non-periodic.
The Euler–Lagrange equations are integrated using a velocity Verlet algorithm [58]. To prevent excessive
initial overlap, particles are initially placed in a domain larger than the final target size. During the pack-
ing procedure, the simulation-box dimensions are gradually reduced toward the target domain size while
keeping the particle radii fixed. This compression promotes stable energy minimization without abrupt
particle interactions. Once the target density is reached, the system is allowed to equilibrate, with the
damping force in equation (2) removing the remaining kinetic energy. The result is a packed configura-
tion that reflects the target volume fractions and particle distributions for each material and layer.

Although completely non-overlapping packing is ideal, it is generally unattainable. However, the
minor overlaps that remain are considered negligible, especially in context of the additional particle-
shape variation introduced during shape generation using spherical harmonics, and the discretization
artifacts arising during voxelization.

2.1.2. Creating a neighbor graph
In the next step, a neighbor graph is created to define contact points between particles. These contacts
are essential constraints used in the subsequent particle shape generation stage. The graph is constructed
using a MST approach [33], which ensures that all particles are connected through a set of edges with
the minimum total weight and no cycles. In our implementation, the neighbor-graph construction oper-
ates on the converged DEM packing. The weight of each edge is determined by the free distance between
particles δij, as introduced in equation (1), i.e. by the gap between particle surfaces beyond their radii.

This distance represents how far apart particles are beyond their radii. The MST ensures that every
particle is at least minimally connected within the domain using the shortest possible edge lengths. This
procedure follows the same approach described by Westhoff et al [60]. However, a pure MST is not suf-
ficient for accurately representing realistic sintering behavior in SOFC structures, where many particles
may be in close contact. The MST alone produces a graph with no cycles, which is often too sparse for
representing particle neighborhoods in dense systems. Therefore, we introduce several modifications to
extend the graph. First, if a particle has other neighboring particles with free distances shorter than the
edge in the MST, additional edges are added. Second, up to a defined maximum number of neighbors,
further edges are added between particles whose free distances are similar to those already present in the
MST. Similarity is determined by both an absolute and a relative threshold compared to existing edge
lengths. This ensures that all particles in close proximity are connected, even if they were not part of the
original tree.

This extended graph provides a more realistic representation of particle neighborhoods. From the
graph contact points are computed for each pair of connected particles. These points are defined as the
weighted mean between the centers of the two particles, with the weights based on their respective radii.
This weighting accounts for asymmetry in particle sizes and better reflects where physical contact might
occur. The final graph, enriched with additional edges beyond the MST, ensures robust connectivity
and provides a sufficient number of contact points for enforcing geometrical constraints during parti-
cle shape generation. These contact points directly influence the shaping of the particles using spherical
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harmonics and ensure that generated particles properly intersect and reflect the connectivity observed in
realistic SOFC microstructures.

The neighbor-graph construction defines a geometric connectivity prior at the particle level. It intro-
duces topological connections and corresponding contact-point constraints for the subsequent particle-
shape generation, but it does not by itself quantify electrochemically active connectivity. Quantities such
as electrochemically active surface area or active TPB density would additionally require criteria and con-
nectivity analysis at the voxel or phase-field level, which are beyond the present calibration targets.

2.1.3. Creating particle shapes
In the final step of the microstructure generation process, individual particle shapes are created using
spherical harmonics. This technique allows us to describe realistic, irregular particle surfaces while pre-
serving overall shape statistics and enforcing geometric constraints such as the contact points identi-
fied in the previous section. The use of spherical harmonics to generate particles is well-established
[14, 15, 60]. In this work, the radius of each particle as a function of co-latitude θ and longitude ϕ is
described as

r(θ,ϕ) = r̄(1+ f(θ,ϕ)) , (3)

with the mean radius r̄ of the particle. The function f(θ,ϕ) describes the local fluctuations of the radius
in terms of a series expansion of real spherical harmonic functions and is given by

f(θ,ϕ) =
∞∑
l=0

l∑
m=−l

cml Y
m
l (θ,ϕ) , (4)

with the coefficients cml , and Ym
l (θ,ϕ) are the real-valued spherical harmonic functions of degree l and

mode m. Following the convention without the Condon-Shortley phase [21] they are defined as

Ym
l (θ,ϕ) =

{
Pml (cosθ)cosmϕ m⩾ 0

P|m|
l (cosθ) sin |m|ϕ m< 0

. (5)

In this work Pml (cosθ) are the 4π-normalized associated Legendre functions [61]. The angular power
spectrum S(l) quantifies the contribution of each degree to the overall shape and is defined as

S(l) =
l∑

m=−l

(cml )
2
. (6)

The total power is given by

P=
1

4π

ˆ
Ω

f 2(θ,ϕ)dΩ=
∞∑
l=0

S(l) . (7)

To define the power spectrum, we use a log-normal distribution characterized by a mean and stan-
dard deviation of the resulting distribution. This choice controls the nature of radius fluctuations: Low
degrees l lead to elongated or ellipsoidal particles, while higher degrees produce more complex, ‘bumpy’
surfaces. In this study, the log-normal distribution mean is centered at l = 4 with a standard deviation
of 6, and the total amplitude of the spectrum is scaled by a factor. This provides control over both the
complexity and overall roughness of the particles.

The coefficients cml are sampled from a normal distribution and scaled according to the desired angu-
lar power spectrum. A maximum degree of lmax = 15 is used to truncate the series for computational
efficiency. This level of truncation strikes a balance between particle realism and generation time.

The spherical-harmonics representation therefore introduces controlled particle-shape irregularity up
to the chosen truncation level. In the subsequent workflow, the voxelized particles are converted into a
diffuse multiphase-field representation, which replaces sharp voxel interfaces by smooth diffuse inter-
faces. As a result, very small-scale or sub-voxel roughness is smoothed, whereas the larger-scale particle-
shape irregularity is retained. This effect should not be confused with the morphological dilation step
used later for dense layers, which is a separate post-processing operation introduced only to increase the
phase volume fraction where required.

The amplitude reported in tables 1, 2, 4 and 5 denotes the scaling factor applied to the angular
power spectrum S(l), and therefore controls the overall magnitude of the spherical-harmonic radius fluc-
tuations through the total power defined in equations (6) and (7). Finally, the previously defined contact
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Figure 2. Reconstruction for SOFC microstructures. A stack of images obtained by FIB and SEM tomography is processed and
segmented using a watershed algorithm.

points from the neighbor graph are treated as constraints. For the ith constraint, f
(
θi,ϕi

)
= f i should be

fulfilled according to the corresponding contact points. This yields a set of constraints

∞∑
l=0

l∑
m=−l

cml Y
m
l

(
θi,ϕi

)
= f i. (8)

For multiple contact points, this constraint system can be expressed in matrix form as

Yc= f, (9)

where Y is the matrix of evaluated spherical harmonics at the contact points, c is the vector of coeffi-
cients, and f is the vector of constraint values. To solve this underdetermined system, a singular value
decomposition is used, which allows for consistent sampling of random coefficients that still satisfy the
contact constraints. This ensures the resulting particle shapes maintain both statistical shape proper-
ties and local geometrical constraints. For further implementation details, the reader is referred to the
Feinauer et al [14].

2.2. Reconstruction of SOFCmicrostructures
3D data of real microstructures can be obtained by dual beam FIB/SEM tomography. Altering FIB
milling and SEM imaging yields a series of consecutive images of a certain volume of interest (VOI). By
stacking these images and expanding every pixel in the stacking direction to make it a voxel (volumetric
pixel), a 3D reconstructed volume is obtained. From the segmented data several microstructural param-
eters, such as volume fractions, tortuosity and TPBs, can be calculated. Segmentation, the assignment
of every voxel to a material phase based on its gray scale value, of the data set leads to a material distri-
bution in the VOI. Different algorithms, such as local threshold, region growth or watershed, have been
developed for the segmentation process [10, 59]. For the watershed segmentation the images are inter-
preted as topographical reliefs and every pixel’s gray scale value corresponds to a height on the image
plane. Phase boundaries are stored in an edge map. Starting from local minima the image is flooded
until every pixel is assigned to a material phase. In order to reduce errors during the segmentation pro-
cess, a sufficient image quality, e.g. good material contrast, no gradient in brightness or contrast and low
noise, is crucial. Preliminary image processing is important to enhance the image quality by adjusting
brightness and contrast, and reducing noise while preserving edges. Minor segmentation errors can be
corrected by further image processing. Morphological filters such as erosion and dilation and their com-
bination allow for these corrections, however, they can alter the microstructure significantly if not used
with caution. The reconstruction and segmentation workflow is illustrated in figure 2.

Experimental. The cell was manufactured by screen-printing of the Ni-GDC fuel electrode and three
electrolyte layers on a Ni-YSZ substrate and co-fired at 1400 ◦C for 5 h. A detailed description of the cell
manufacturing can be found in [46]. For the three-dimensional reconstruction a Helios 5 CXe (Thermo
Fischer Scientific, Hillsboro, Or, USA) was used. To protect the cells microstructure while milling, the
volume for analysis was covered with a mixture of 99% platinum and 1% carbon. A series of 313 con-
secutive images resulting in a volume of 18 176 µm3 was recorded using a backscattering detector. Avizo
(Version 2023.1.1, Thermo Fischer Scientific, Hillsboro, Or, USA) was utilized for the reconstruction
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process including alignment, filtering and segmentation of the 3D data. The analyzed volume contained
the three-layer GDC-YSZ-GDC electrolyte and the Ni-GDC fuel electrode functional layer.

2.3. Multiphase-field representation
The MPFM has become a standard tool for simulating microstructure evolution in materials science, e.g.
[31]. It describes particles or grains using smooth scalar fields, called phase fields or order parameters,
which vary continuously between one inside a particle and zero outside. Interfaces are captured implic-
itly through this diffuse transition, avoiding the need for explicit interface tracking or sharp bound-
aries. This avoids the cumbersome meshing process and loss of accuracy associated with an exclusively
voxelization process. Although the present calibration focuses on morphological descriptors, the gen-
erated microstructures provide geometrically well-defined input for subsequent SOFC simulations. In
particular, the phase volume fractions determine the amount of electronically and ionically conduct-
ing material, tortuosity governs effective transport pathways, and the SSA characterizes the extent of
reactive interfaces. Together with phase connectivity, these quantities provide the geometric basis for
continuum descriptions of ionic/electronic transport, charge-transfer, and reaction kinetics. Owing to
their multiphase-field representation, the generated domains can be coupled naturally to electrochem-
ical, electro-chemo-mechanical, or degradation models. In this context, MPFM-based microstructures
have also been used to model continuum-based SOFC processes such as nickel coarsening [22], fluid
flow [47], or crack propagation [50].

The MPFM used in this study was introduced by Nestler et al [40] and Steinbach and Pezzolla [54].
A continuum thermodynamic approach to the phasefield method is described in [45]. In its classical
form, the MPFM minimizes the system’s curvature. To avoid this, the evolution equations for the phase
fields are adapted to prevent curvature minimization. Sun and Beckermann [55] provide a detailed
description, and applications can be found in [13, 49]. As realistic microstructures may contain hun-
dreds or thousands of particles, storing a separate order parameter field globally for each particle would
lead to prohibitive memory and computational costs. To overcome this, the local reduced order parame-
ter method [25, 32] is used, which defines order parameters only in the local region around each spatial
point. This drastically reduces storage requirements and computational costs, while ensuring that parti-
cles remain locally distinguishable and fully resolvable.

2.4. Morphological metrics
To quantitatively compare real and artificial SOFC microstructures, several morphological quantities
are evaluated for each material phase. These quantities are selected based on their physical relevance to
SOFC performance and their sensitivity to microstructural variations. The metrics include volume frac-
tion, tortuosity, SSA and equivalent radius distribution.

TPB density is a commonly used metric for characterizing electrochemical activity in SOFC elec-
trodes. In the present work, TPB density was not selected as an optimization target because it is highly
sensitive to local connectivity and segmentation details, and the smallest resolved length scales, which
makes a robust TPB-based calibration difficult within the current framework. The present study there-
fore focuses on morphological descriptors that can be calibrated more robustly at the mesoscale, namely
phase fractions, tortuosity, SSA, and, for dense layers, equivalent radius distributions. An explicit TPB-
based analysis is left for future work with a stronger electrochemical focus.

Descriptors such as two-point correlation functions could provide complementary information on
spatial statistics, but were not included in the present calibration in order to keep the optimization
focused on a limited set of robust target quantities.

2.4.1. Volume fraction
The volume fraction vαf of a phase α is calculated as the spatial average of its corresponding phase-field
variable ϕα over the domain

vαf =
1

V

ˆ
V
ϕα dv, (10)

where V is the total volume of the domain. Many effective characteristics of the microstructure are
dominated by these volume fractions. For example, the linear and harmonic interpolation of the stiff-
nesses of each material with its volume fraction depict energetic bounds of the effective elastic material
behavior [20].
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2.4.2. Tortuosity
Tortuosity is a significant quantity for estimating the effective transport properties of a porous
microstructure. For example, it can be geometrically defined by comparing the length of a curved path
to that of a straight line. In this work, a more physical interpretation of tortuosity is used. Based on a
generic diffusion equation, the tortuosity factor can be obtained by solving a Laplace equation, which
mimics a steady-state diffusive flow through a material, for example. Then the tortuosity follows by

τα =
vαf D

Deff
, (11)

with the diffusivity coefficient D of the Laplace equation and the calculated effective diffusivity coeffi-
cient Deff from the solution. For any material, the condition τα ⩾ 1 holds, with τα = 1 for straight paths
from one side to the other and with τα > 1 the microstructure restricts the flow. For a detailed overview
of the algorithm used, the reader is referred to Cooper et al [8].

2.4.3. SSA
The SSA is defined as the ratio between the surface area and the volume of a material. It is often used
when the underlying physical process depends on the surface, such as in adsorption processes or chemi-
cal reactions. In the context of the MPFM, it is defined as

SSAα =
Aα

Vα
, with Vα =

ˆ
V
ϕα dv, Aα =

ˆ
V
|∇ϕα|dv, (12)

where ϕα is the order parameter of a material α and its spatial gradient ∇ϕα.

2.4.4. Equivalent radius distribution
In cases where materials exhibit high volume fractions (e.g. dense layers), tortuosity and SSA may
become less informative. In such instances, the equivalent radius distribution provides a useful quantity.
Assuming particles are approximately circular in 2D slices (e.g. from EBSD data), the equivalent radius ri

of the ith particle can be computed from its area by

ri =

√
1

π

ˆ
V
χi da (13)

where χi is the indicator function of the particle. Aggregating these values yields a radius distribution,
which is approximated by a Gaussian function by fitting its mean µα and standard deviation σα, as
illustrated in figure 6.

The equivalent radius distribution used for dense layers is derived from 2D EBSD cross-sections and
therefore inherits the usual stereological limitation that sectioned particle sizes do not uniquely deter-
mine the full 3D grain-size distribution. In the present study, this descriptor is used as a practical sur-
rogate because dense layers contain a dominant phase and conventional porous-microstructure metrics
become less informative. The calibration should therefore be interpreted as matching an experimentally
accessible 2D proxy rather than reconstructing the full 3D grain topology uniquely.

2.5. Multi-objective BO
The structure generator described in this work depends on several input parameters, such as particle
size distributions and angular power spectra, which influence the resulting microstructural proper-
ties. However, the relationship between these parameters and the morphological quantities is generally
unknown. To address this, we employ multi-objective BO to systematically calibrate the generator so that
the output microstructures closely match experimental targets. BO is particularly well-suited for prob-
lems where evaluations are computationally expensive and gradients are unavailable. In our case, the
objective is to minimize the error between the morphological metrics of generated and experimental
structures across multiple objectives. Classical BO methods often rely on Gaussian Processes to model
the objective function. However, an alternative method known as the tree-structured Parzen estimator
(TPE) offers a robust performance in high-dimensional, conditional search spaces [3]. With the multiple
morphological quantities, a multi-objective BO is conducted. To this end, a TPE is used which performs
an independent sampling of a single parameter without considering any relationship between parameters.
For a more detailed discussion of multi-objective TPE, the reader is referred to Ozaki et al [43, 44]. In
order to optimize the objective functions, multiple trials are iteratively carried out, each with the follow-
ing steps within the optimization framework OPTUNA [1]:
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1. Parameter selection: The TPE sampler proposes a set of generator input parameters based on the results
of previous trials, except for the initial trials, when they are randomly selected from the parameter
space.

2. Particle generation: Based on the parameters, spheres are packed and contact points are defined via
the generator process as described in section 2.1. The created particles are parameterized by spherical
harmonics.

3. Voxelization and volume fraction adjustment: The particle shapes are voxelized at a high resolution, then
downsampled to the desired resolution using interpolation. To approximate the effects of sintering
in dense layers, morphological dilation operations are optionally applied to increase volume fraction
where needed [18]. This mimics the sintering process of a dense layer where the desired volume frac-
tion is too high for the generator to obtain on its own.

4. Evolution of diffuse interfaces via a MPFM: The voxelized structure is converted into a diffuse
microstructure using the MPFM detailed in section 2.3. This step ensures smooth interfaces for sub-
sequent analysis despite the use of a uniform grid.

5. Morphological analysis: Various morphological metrics are chosen and evaluated based on the proper-
ties of the volume element, as discussed in section 2.4.

6. Objective evaluation: For each morphological quantity φ, an error is calculated. For a generic metric φ,
the error is defined as

eφ =


|φ −φ⋆| , for volume fraction,∣∣∣∣ log10φ − log10φ

⋆

log10φ
⋆

∣∣∣∣ , for tortuosity,∣∣∣∣φ −φ⋆

φ⋆

∣∣∣∣ , otherwise,

(14)

7. where φ⋆ denotes the corresponding target value. The final representative trial is selected by minimiz-
ing the Euclidean norm of the resulting objective-error vector. The logarithmic form used for tortu-
osity treats multiplicative deviations more uniformly across porous and dense layers, whose tortuosity
values may differ substantially in scale. No additional weighting factors were introduced in the present
study, in order to avoid a subjective prioritization among the target metrics.

Each trial results in a set of objective values. As is standard in multi-objective optimization, no single
solution minimizes all objectives simultaneously. Instead, a Pareto front of optimal trade-offs is con-
structed. To identify a single ‘best’ set, we select the trial with the minimum Euclidean norm of the
objective errors across all metrics. This optimization strategy enables systematic calibration of the struc-
ture generator, ensuring that the synthetic microstructures closely replicate key morphological features of
real SOFC layers across both single and multilayer configurations.

The proposed optimization framework also allows the structure generator to be used in a forward-
design mode. By prescribing target values for selected morphological metrics, such as tortuosity or
SSA, these quantities can be directly included as objectives in the BO. The resulting optimization pro-
cess identifies suitable generator parameters that produce microstructures with the desired properties.
Beyond this calibration task, the accumulated trials reveal local parameter–response trends within the
explored design space. In particular, they reveal how variations in individual input parameters influ-
ence the resulting morphological descriptors, enabling efficient generation of structures with specified
characteristics without requiring extensive retraining or experimental input. These trends should not be
interpreted as a formal global sensitivity or uncertainty analysis, which would require a dedicated study
beyond the scope of the present work.

The computational cost of the workflow is dominated by DEM packing, voxelization and MPFM
conversion, and the repeated evaluations required by BO. For this reason, reduced single-layer domains
were used during calibration, while the multilayer structure was generated by combining layerwise opti-
mized parameter sets in a divide-and-conquer manner. Qualitatively, the DEM cost scales mainly with
the number of particles, whereas memory consumption and MPFM-related cost scale mainly with the
number of voxels and the number of locally active order parameters. Increasing domain size, interface
resolution, or layer complexity therefore leads to increased wall-clock time and memory demand.
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Figure 3. (a) Three-dimensional reconstruction data of the multilayer SOFC, containing the fuel electrode, electrolyte, YSZ,
and GDC barrier layers. (b) An electron backscatter diffraction (EBSD) measurement taken across the domain to determine an
equivalent radius distribution.

Table 1. Parameters for the generation of the best trial for a fuel electrode layer, cf figure 4(b).

Parameter Unit Value Ni Value GDC

Volume fraction % 31.91 36.89

Mean particle radius nm 426.85 353.97

Deviation of particle radius nm 8.40 65.55

Amplitude of angular power spectrum W nm−1 10−1.8 10−2.5

Dilation iterations — 0 2

3. Results

The approach introduced in section 2 is used to generate an artificial microstructures consisting of a
porous fuel electrode, a dense electrolyte layer, and finally a complete multi-layered SOFC structure.
During generation, the morphological metrics of the reconstructed cell are used to demonstrate the
ability to reproduce realistic microstructures, cf figure 3.

3.1. Fuel electrode layer
To assess the performance of the structure generator in replicating real microstructural features, we first
focus on the fuel electrode layer of the SOFC. This layer, composed of GDC (gadolinia-doped ceria) and
Ni (nickel), was extracted from the full multilayer reconstruction (cf figures 3(a) and 4(a)). A total of
200 trials were conducted to optimize the generator output, with the objective of matching key morpho-
logical metrics: volume fractions, tortuosities, and SSA for both GDC and Ni phases. For this single-layer
case study, a reduced simulation domain was chosen to keep the computational cost of the 200-trial
optimization manageable while preserving the voxel resolution of the reconstruction. The optimization
process varied parameters such as the target volume fraction, the mean and standard deviation of the
particle size distributions for each material, and the number of morphological dilation steps applied after
voxelization. The amplitude of the angular power spectrum, which influences the surface complexity
of the generated particles, was manually selected. This parameter was not included in the optimization
loop, as it showed negligible influence on the targeted metrics.

The best result from the optimization is shown in figure 4(b), with quantitative comparison to the
reconstructed structure summarized in table 3. The majority of errors are low, with a percentage not
exceeding 2.5%. However, the tortuosities exhibit a higher amount of error, i.e 4% to 5%. This is likely
due to the existence of individual paths through the volume element that do not homogenize at the
same rate as the volume fraction, for example. Figures 4(c) and (d) present the tortuosity fields for both
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Figure 4. A comparison of the reconstructed fuel electrode layer (a) and the artificially created volume element (b). The stream-
lines of the potential field obtained by solving the diffusion equation are also displayed for the reconstruction (c) and the artifi-
cial volume element (d).

the reconstructed and generated domains. These visualizations display the streamlines of the potential
field obtained from solving the diffusion equation, highlighting the similarity in transport pathways
between the real and synthetic microstructures. The close visual agreement of the structures as well as
in the metrics validates the structure generator’s capability to reproduce key features of the porous SOFC
fuel electrode layer.

While the previous results focused on matching a specific set of target morphological metrics, gen-
erating a different virtual microstructure with alternative target properties would require adjusting the
input parameters accordingly. For example, a new optimization run comprising 200 trials could be per-
formed to identify a new set of parameters.

However, a key advantage of the multi-objective BO approach used in this study is that it also builds
a database during the optimization process that links the input parameters to the resulting morpholog-
ical descriptors. This database can also be interpreted as exploratory local parameter screening within
the explored parameter space. Figure 5 illustrates these parameter–response trends. In figures 5(a) and
(b), a clear relationship between the prescribed input volume fraction and the final volume fraction of
Ni and GDC can be observed. In addition, the number of dilation steps causes a noticeable shift in the
resulting phase fractions, highlighting its strong influence on this metric. Similarly, in figures 5(c) and
(d), the SSA shows a strong inverse correlation with the mean particle radius, with smaller particles lead-
ing to larger surface areas. For the investigated structures, tortuosity is most strongly influenced by the
volume fraction of the respective phase, underlining the importance of phase connectivity for transport.
These trends clarify which generator parameters predominantly control the individual target metrics and
thereby support the use of the framework in a forward-design setting. As a result, the structure gener-
ation workflow can be efficiently adapted without requiring labor-intensive changes to experimental or
manufacturing procedures, offering a simulation-driven path to tailoring SOFC microstructures.

3.2. Dense electrolyte layer
The multilayered SOFC microstructure includes dense layers in addition to porous ones (cf figure 4(c)).
Unlike porous regions, these dense layers consist predominantly of a single material, making standard
metrics such as tortuosity and SSA less informative due to their near-zero values or minimal variance. In
this section, we focus on the GDC electrolyte layer as an example for such a dense layer, extracted from
the experimental reconstruction (cf figure 3(a)). To enable a meaningful comparison between virtual

11



Modelling Simul. Mater. Sci. Eng. 34 (2026) 045013 L Schöller et al

Figure 5. Correlations of input parameters versus resulting morphological metrics for the porous fuel electrode layer.
Additionally, the number of dilation iterations for the corresponding material is shown in color, and the best trial is marked
with a red cross. The target value is indicated with a red line. A linear regression with the confidence interval is also provided.

Figure 6. (a) A histogram of the equivalent radii from the EBSD measurement (see figure 3(b)) and the fitted Gaussian normal
distribution for the dense GDC electrolyte layer. (b) Artificial generation of a dense GDC electrolyte layer.

and real dense microstructures, we employed an alternative metric: the equivalent radius distribution
derived from 2D cross-sectional slices of the volume. This distribution, along with volume fraction and
tortuosity, was used as a target for optimization. The desired radius distribution is shown in figure 6(a).

A total of 200 optimization trials were conducted to match the target metrics. The resulting artifi-
cial volume element is presented in figure 6(b) and exhibits strong visual similarity to the experimental
EBSD measurement. The corresponding optimized input parameters are listed in table 2, while table 3
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Table 2. Parameters for the generation of the best trial for a dense GDC
electrolyte layer, cf figure 6(b).

Parameter Unit Value GDC

Volume fraction % 79.19

Mean particle radius nm 801.46

Deviation of particle radius nm 65.86

Amplitude of angular power spectrum W nm−1 10−2.5

Dilation iterations — 4

Table 3. Overview of the chosen morphological metrics of the reconstructed structure for each layer, along
with the artificially generated volume elements and the determined errors from comparison.

Layer Measure Unit Reconstruction Generated Error in %

Fuel electrode vNif % 31.12 32.17 1.06

vGDCf % 48.79 49.14 0.35

τNi — 7.30 8.05 4.89

τGDC — 2.26 2.34 4.05

SSANi nm−1 0.236 0.228 1.19

SSAGDC nm−1 0.155 0.152 2.30

Electrolyte vGDCf % 92.26 95.18 2.92

τGDC — 1.062 1.061 0.31

σGDC nm 224.13 230.58 2.88

µGDC nm 684.80 656.77 4.09

YSZ barrier vYSZf % 99.55 97.63 1.92

σYSZ nm 224.13 224.90 0.35

µYSZ nm 684.80 678.69 0.89

GDC barrier vGDCf % 86.97 92.86 5.89

τGDC — 1.101 1.095 5.93

σGDC nm 224.13 232.73 3.84

µGDC nm 684.80 692.14 1.07

compares the targeted and achieved morphological metrics, including the errors. The volume fraction
exhibits a higher margin of error (2.92%), compared to the porous layer, likely due to the trade-offs
made during the multi-objective optimization process to balance different target metrics close to the
density limit of a bulk layer.

Figure 7 illustrates corresponding parameter-response trends for the dense GDC electrolyte layer. The
resulting volume fraction depends mainly on the prescribed GDC input fraction and the applied dila-
tion steps, as shown in figure 7(a). The mean particle radius strongly influences the equivalent radius
distribution, both in terms of its mean value (figure 7(b)) and its standard deviation (figure 7(d)). The
tortuosity of the dense layer is again strongly affected by the volume fraction, indicating a pronounced
sensitivity to small residual pore structures. Overall, these parameter–response trends help to identify
which generator parameters are most relevant for reproducing the targeted morphology of dense SOFC
layers.

3.3. Multilayer SOFC
To validate the structure generator’s ability to reproduce a complete multilayered SOFC architecture, a
virtual domain was created based on the reconstructed microstructure described in section 2.2. The layer
thicknesses and overall domain dimensions were directly taken from the experimental reconstruction
to ensure a consistent basis for comparison. The considered domains should therefore be understood
as morphology-calibration volumes rather than as formally established representative elementary vol-
umes. For the single-layer studies, reduced domains were chosen to preserve the voxel resolution of the
reconstruction while keeping the optimization effort tractable. A formal REV convergence study and a
full electrochemical validation are important next steps, but are beyond the scope of the present work.
Accordingly, the present results demonstrate morphological agreement for the considered calibration
volumes, but they should not yet be interpreted as a direct validation of predictive SOFC performance
simulations.

To manage the high computational cost associated with generating the full multilayer structure at
fixed resolution, a divide-and-conquer strategy was adopted. Each layer, whether porous or dense, was

13



Modelling Simul. Mater. Sci. Eng. 34 (2026) 045013 L Schöller et al

Figure 7. Correlations of input parameters versus resulting morphological metrics for the dense GDC electrolyte layer.
Additionally, the number of dilation iterations for the corresponding material is shown in color, and the best trial is marked
with a red cross. The target value is indicated with a red line. A linear regression with the confidence interval is also provided.

Figure 8. A generated multi-layer SOFC structure at different reconstructions stages: (a) After packing the spheres, (b) after
generating the particle shapes, and (c) after the final voxelized volume element in the multiphase-field representation.

individually optimized using the previously described BO approach. For each layer, the best-performing
set of input parameters was identified based on the targeted morphological metrics. The optimized
parameter sets used for the multilayer generation are reported layerwise. The parameters for the fuel
electrode and the dense GDC electrolyte layer are listed in tables 1 and 2, respectively, while the corre-
sponding parameter sets for the YSZ barrier layer and the GDC barrier layer are provided in appendix
(tables 4 and 5). Together, these four tables define the layer-specific input used to construct the full
multilayer virtual SOFC microstructure. These optimized parameters were then combined into a sin-
gle generation process, creating a full multilayer virtual SOFC microstructure with varying layer-specific
characteristics. The results of this procedure are shown in figure 8, which illustrates the sequential steps
of the generation process: initial particle packing, shape creation using spherical harmonics, and the final
MPFM representation. When compared with the experimental reconstruction in figure 3(a), the gen-
erated microstructure exhibits strong visual and structural agreement across all layers. A detailed com-
parison of the morphological metrics for each layer, including volume fraction, tortuosity, SSA, and
equivalent radius distribution, is provided in table 3. Among the evaluated metrics, the relative error
for some tortuosity values is approximately 5%. Nevertheless, the absolute error is small, which is typical

14



Modelling Simul. Mater. Sci. Eng. 34 (2026) 045013 L Schöller et al

of dense structures where even small, isolated pores impact tortuosity measurements. The observed devi-
ation is thus acceptable, reflecting a physically reasonable sensitivity and demonstrating the accuracy and
robustness of the approach for both porous and dense regions. This result confirms that the proposed
structure generator can produce realistic, multilayered SOFC structures that match desired morpholog-
ical characteristics. Importantly, the ability to control these features provides a basis for future system-
atic investigations of SOFC behavior using morphology-resolved simulation studies. For example, virtual
structures with tailored morphology can be used in subsequent simulations to study stress distribution,
or the coarsening behavior of nickel during operation, providing valuable insights that are otherwise dif-
ficult to obtain experimentally.

4. Conclusion

This work builds upon prior stochastic microstructure generation methods based on particle packing
and spherical harmonics, particularly the frameworks of Feinauer et al [14] and Westhoff et al [60],
extending them from lithium-ion battery electrodes to the more complex, multilayered architecture of
SOFCs. By incorporating a discrete element method for realistic sphere packing, an enhanced neigh-
bor graph construction for inter-particle connectivity, and a spherical harmonics-based shape gener-
ation constrained by contact points, a physics-informed and flexible virtual structure generator tai-
lored for SOFC layers was developed. The generator was integrated with a MPFM representation and
coupled to a multi-objective BO framework, enabling systematic calibration against experimentally
reconstructed microstructures from FIB-SEM tomography. Morphological metrics such as volume frac-
tion, tortuosity, SSA, and equivalent radius distributions were used as quantitative targets, allowing
the approach to reproduce both porous and dense SOFC layers with high fidelity. The method was
validated for individual layers as well as a complete multilayer SOFC, showing consistently low errors
of < 6% across all targeted metrics and strong visual agreement with experimental reconstructions.
Overall, the proposed workflow reproduces the selected target descriptors of porous and dense SOFC
layers with good agreement for the considered calibration volumes, while providing a transparent frame-
work for morphology-controlled virtual microstructure generation and calibrated multiphase-field rep-
resentations for subsequent simulation studies. The developed workflow enables the efficient and sys-
tematic creation of virtual SOFC microstructures with controllable morphological characteristics, tai-
lored for different layers within a multilayer configuration, and produces simulation-ready represen-
tations suitable for subsequent electrochemical or mechanical modeling. Future developments could
incorporate additional physical processes, such as sintering kinetics, grain growth, or phase coarsening,
as well as degradation-related surface effects in electrochemical materials [19], to capture microstruc-
tural evolution over time. The coupling of the generated structures with validated multiphysics simu-
lations in fuel-cell and electrolysis modes is the subject of future work and could enable more predic-
tive studies of structure-property relationships, thereby providing a basis for the design of optimized cell
architectures.
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Appendix. Optimized parameters for the GDC& YSZ barrier layer

Table 4. Parameters for the generation of the best trial for a dense YSZ barrier
layer.

Parameter Unit Value YSZ

Volume fraction % 78.01

Mean particle radius nm 838.25

Deviation of particle radius nm 89.08

Amplitude of angular power spectrum W nm−1 10−2.5

Dilation iterations — 6

Table 5. Parameters for the generation of the best trial for a dense GDC
barrier layer.

Parameter Unit Value GDC

Volume fraction % 65.38

Mean particle radius nm 809.14

Deviation of particle radius nm 81.97

Amplitude of angular power spectrum W nm−1 10−2.5

Dilation iterations — 6
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