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Abstract

Solid Oxide Cells (SOCs) are promising energy conversion devices with applications
in both electricity generation and chemical fuel production. Fuel Electrode-Supported
Cells (FESCs) particularly offer a robust architecture, but their performance and re-
liability are heavily dependent on the manufacturing process of a porous substrate
material. Traditional manufacturing parameter optimisation primarily relies on trial-
and-error experimental methods, which are resource-intensive, time-consuming, and
difficult to scale for industrial production.

This PhD dissertation addresses these challenges by combining physics-based and
data-driven modelling to link manufacturing parameters, microstructure, and physical
properties of the fuel-electrode substrate. These novel approaches are developed
to investigate how the manufacturing parameters affect the substrate microstructure,
offering the digital tools to optimise the fabrication process of SOCs. Specifically,
a coarse-grained physics-based modelling framework was developed to simulate the
slurry and dried microstructures of fuel-electrode substrates for the tape casting and
drying stages of fuel cell substrate materials. The microstructures generated by this
model provide digital representations of the coarse substrate material, which can be
used as input for multi-scale simulation methods.

Concurrently, the thesis focuses on applying Machine Learning (ML) techniques
to optimise SOC manufacturing processes. By integrating advanced data collection
through electronic laboratory notebooks and on-site characterisation, ML models have
been trained to predict the substrate properties at each manufacturing stage. This
data-driven approach helps to identify fundamental relationships between key manu-
facturing parameters and substrate properties, enabling the optimisation of the man-
ufacturing routes for achieving target characteristics of the fuel-electrode substrate.

These physics-based and data-driven strategies form a complementary framework,
bridging experimental production and predictive simulation. The contribution of this
research lies in providing novel modelling tools, integrating experimental, numerical
and data-driven methods, and supporting the systematic, reproducible, and energy-
efficient scaling up of SOC production.

v





Résumé

Les Cellules à Oxyde Solide (SOC) constituent des dispositifs prometteurs de con-
version d’énergie, avec des applications à la fois dans la production d’électricité et
la génération de carburants chimiques. Les Cellules à Électrode de Combustible
Supportée (FESC) offrent une architecture particulièrement robuste, mais leurs per-
formances et leur fiabilité dépendent fortement du procédé de fabrication du matériau
poreux constituant le substrat. L’optimisation traditionnelle des paramètres de fabri-
cation repose principalement sur des méthodes expérimentales empiriques, lesquelles
sont coûteuses en ressources, chronophages et difficiles à adapter à une production
industrielle.

Cette thèse de doctorat s’attaque à ces défis en combinant des modèles fondés
sur la physique et fondés sur les données, afin d’établir le lien entre les paramètres
de fabrication, la microstructure et les propriétés physiques du substrat de l’électrode
à combustible. Ces approches novatrices ont été développées pour étudier l’influence
des paramètres de fabrication sur la microstructure du substrat, et proposer des outils
numériques destinés à optimiser le procédé de fabrication des SOC. Plus précisément,
un cadre de modélisation mésoscopique fondé sur la physique a été élaboré pour
simuler les microstructures du lisier et du substrat séché des électrodes à combustible
durant les étapes de coulée sur bande et de séchage. Les microstructures générées
par ce modèle offrent une représentation numérique du matériau de substrat grossier,
pouvant servir d’entrée à des méthodes de simulation multi-échelles.

Parallèlement, le thèse se concentre sur l’application des techniques de Machine
Learning (ML) pour optimiser les procédés de fabrication des SOC. En intégrant une
collecte de données avancée via des carnets de laboratoire électroniques et des car-
actérisations in situ, des modèles de ML ont été entraînés pour prédire les propriétés
du substrat à chaque étape de la fabrication. Cette approche fondée sur les don-
nées permet d’identifier les relations fondamentales entre les principaux paramètres
de fabrication et les propriétés du substrat, facilitant ainsi l’optimisation des itinéraires
de fabrication pour atteindre les caractéristiques cibles du substrat de l’électrode à
combustible.

Ces approches fondées sur la physique et sur les données forment un cadre com-
plémentaire, reliant la production expérimentale et la simulation prédictive. La contri-
bution de cette recherche réside dans le développement d’outils de modélisation no-
vateurs, intégrant des méthodes expérimentales, numériques et axées sur les données,
afin de soutenir une montée en échelle systématique, reproductible et écoénergétique
de la production des SOC.
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Zusammenfassung

Festoxidzellen (SOCs) sind vielversprechende Energieumwandler, die sowohl in der
Stromerzeugung als auch in der chemischen Brennstoffproduktion eingesetzt wer-
den können. Brennstoffelektroden-gestützte Zellen (FESCs) bieten insbesondere eine
robuste Architektur, aber ihre Leistung und Zuverlässigkeit hängen stark vom Herstel-
lungsprozess eines porösen Substratmaterials ab. Die traditionelle Optimierung der
Herstellungsparameter stützt sich in erster Linie auf experimentelle Trial-and-Error-
Methoden, die ressourcenintensiv, zeitaufwändig und für die industrielle Produktion
schwer skalierbar sind.

Diese Doktorarbeit befasst sich mit diesen Herausforderungen, indem sie physikalis-
ch basierte und datengesteuerte Modellierungen kombiniert, um Fertigungsparame-
ter, Mikrostruktur und physikalische Eigenschaften des Brennstoffelektrodensubstrats
miteinander zu verknüpfen. Diese neuartigen Ansätze wurden entwickelt, um zu
untersuchen, wie sich die Fertigungsparameter auf die Mikrostruktur des Substrats
auswirken, und um digitale Werkzeuge zur Optimierung des Herstellungsprozesses
von SOCs bereitzustellen. Insbesondere wurde ein grobkörniges, physikalisch basierter
Modellierungsrahmen entwickelt, um die Schlicker- und getrockneten Mikrostrukturen
von Brennstoffzellen-Elektrodensubstraten für die Bandguss- und Trocknungsphasen
von Brennstoffzellen-Substratmaterialien zu simulieren. Die durch dieses Modell erzeu-
gten Mikrostrukturen liefern digitale Darstellungen des groben Substratmaterials, die
als Input für multiskalige Simulationsmethoden verwendet werden können.

Gleichzeitig konzentriert sich die Dissertation auf die Anwendung von Techniken
des maschinellen Lernens (ML) zur Optimierung von SOC-Fertigungsprozessen. Durch
die Integration fortschrittlicher Datenerfassung mittels elektronischer Laborbücher und
Charakterisierung vor Ort wurden ML-Modelle trainiert, um die Substrateigenschaften
in jeder Fertigungsphase vorherzusagen. Dieser datengesteuerte Ansatz hilft dabei,
grundlegende Zusammenhänge zwischen wichtigen Fertigungsparametern und Sub-
strateigenschaften zu identifizieren, wodurch die Fertigungswege optimiert werden
können, um die Zielcharakteristika des Brennstoffelektrodensubstrats zu erreichen.

Diese physikalisch basierten und datengesteuerten Strategien bilden einen komple-
mentären Rahmen, der eine Brücke zwischen experimenteller Produktion und prädik-
tiver Simulation schlägt. Der Beitrag dieser Forschung liegt in der Bereitstellung
neuartiger Modellierungswerkzeuge, der Integration experimenteller, numerischer und
datengesteuerter Methoden sowie der Unterstützung einer systematischen, reproduzier-
baren und energieeffizienten Skalierung der SOC-Produktion.
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1
Introduction

Global energy systems are undergoing a fundamental shift toward sustainable energy
systems, driven by the urgency to mitigate climate change, prevent environmental
degradation, and ensure long-term energy security [1, 2]. Figure 1.1 shows the rapidly
growing demand for energy resources and the excessive consumption of fossil fuels
such as oil, coal, and natural gas in recent decades. This has driven alarming energy
and environmental issues, including resource depletion, global warming, and ecolog-
ical degradation (e.g., ocean acidification and air pollution) [3]. Within the renewable
energy landscape, wind and solar power hold a significant share of the market be-
cause of their abundance and zero greenhouse gas emissions. In the European Union,
expanding the contribution of these clean energy sources is regarded as a cornerstone
for meeting the target of reducing net greenhouse gas emissions by at least 55% by
2030 and achieving climate neutrality by 2050 [4]. However, the integration of solar
and wind power into the energy grid still faces ongoing problems. Since the gener-
ation of solar and wind power varies with daily cycles and weather conditions, the
energy production from the wind/solar power plant is typically unstable and variable
[5]. To maintain grid stability and reliability, a substantial fraction of generated re-
newable power is curtailed due to the inherent imbalance between energy generation
and consumption [6, 7, 8]. This has led to growing interest in strategies for captur-
ing and converting surplus energy. Power-to-X (PtX) technology is a flexible energy
conversion and storage solution in this context. The PtX (X can refer to chemical,
fuel, hydrogen, food, heat, etc.) provides a pathway to convert surplus renewable
electricity into storable energy carriers, thereby maintaining a stable renewable energy
supply. Hydrogen, a versatile and abundant energy carrier, is regarded as not only
a foundation element of PtX applications but also a major step in phasing out fossil
fuels. Hydrogen technologies particularly have a pivotal role to play in the transition
from fossil fuels to renewable energy, essential for realising net-zero and sustainable
development plans [9, 10].

Solid Oxide Cells (SOCs) are a key technology for flexible energy conversion, oper-
ating as either Solid Oxide Fuel Cells (SOFCs) to produce electricity from hydrogen (or
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Chapter 1. Introduction

Figure 1.1. Global primary energy consumption by source from 1965 to 2024. Data is measured
in terawatt-hours (TWh). Source: Our World in Data; Energy Institute - Statistical Review of
World Energy (2025) [11].

other alternative fuels) or Solid Oxide Electrolysis Cells (SOECs) to convert electrical en-
ergy into chemical fuel within the PtX schemes. In particular, Fuel Electrode-Supported
Cells (FESCs) are widely studied as a promising configuration. By utilising a mechani-
cally robust fuel electrode as the supporting layer, FESC design can achieve a thinner
electrolyte thickness [12], thus lowering ohmic losses while maintaining high structural
stability. The properties of a fuel-electrode substrate, namely density, porosity, me-
chanical strength and microstructural homogeneity are crucial for FESCs to operate
properly. These properties critically depend upon the manufacturing process.

The production of fuel-electrode substrates is essentially a multi-stage process,
typically involving tape casting and drying, sintering, and reduction steps. These
stages are highly interdependent, with the output of one directly shaping the next
step. Within each stage itself, process conditions have impacts on the properties as
well as the microstructure evolution of the substrates. For instance, slurry formu-
lation and tape-casting parameters govern thickness uniformity and density of the
tape after drying, while sintering determines pore distribution and mechanical sta-
bility. Conventionally, optimising these manufacturing parameters relies heavily upon
empirical trial-and-error approaches. This is resource-intensive and time-consuming,
thus challenging to scale from laboratory to industrial production. To address these

2



challenges, physics-based and data-driven machine learning surrogate approaches are
essential to efficiently predict material properties, enabling fabrication optimisation of
the fuel-electrode substrates.

SOC modelling is inherently complex owing to the multiscale interaction between
the physical and chemical processes. The modelling complexity depends upon the tar-
geted application, requiring model parameter calibration to fit each specific simulated
context. Physics-based models such as finite element method, finite volume method,
and discontinuous Galerkin method have been widely applied to study system-level
behaviour, allowing the prediction of key indicators, including thermal stresses, power
output, and mechanical stability under operational conditions [13]. Despite their
strengths, such models rely on simplifying assumptions, idealised conditions, and
material parameters that are difficult to measure or uncertain at the microstructural
level [14]. Furthermore, the physics-based models are computationally demanding,
particularly when extended to large-scale or multiphysics systems [15, 16].

Alternatively, Machine Learning (ML) is a subset of Artificial Intelligence (AI) that
empowers complex systems to learn from the process data in order to make pre-
dictions without being explicitly programmed. Leveraging techniques such as Deep
Learning (DL), the data-driven approaches have become powerful tools to reshape mul-
tiple industrial sectors worldwide. In the context of SOC manufacturing, data-driven
ML can quickly and accurately predict material properties of target component layers
without understanding detailed physical/chemical laws by learning from relevant ex-
perimental process datasets. This allows manufacturing systems of SOC components
to automatically learn and improve from experience. Although data-driven models
are often constrained by data quality and availability, and lack the interpretability re-
quired for deriving mechanistic insights [17, 18, 19], they are a significant complement
to physics-based models. These complementary strengths and weaknesses have mo-
tivated growing interest in hybrid frameworks that combine physics-based modelling
with ML modelling [20, 21, 22, 23].

Within the ARTISTIC research initiative and linked projects, led by Prof. Dr. Ale-
jandro A. Franco at Université de Picardie Jules Verne, a multiscale modelling platform
encompassing physics-based simulation, AI and pilot-line manufacturing experiments
has been developed to link the fabrication process of the lithium-ion, sodium-ion
and solid-state battery electrode, electrode microstructure and electrochemical perfor-
mance [24, 25, 26]. Although originally conceived for the battery domain, the method-
ologies and digital tools developed within the ARTISTIC project are highly adaptable
and provide a transferable framework for other energy technologies, including SOCs.
The application of these approaches to SOC manufacturing can provide deeper insight
into the interplay between materials, processes, and performance, thereby guiding
optimisation in a more systematic and predictive manner.

Building upon data-driven ML approaches, the ML4SOC project, funded by the
Federal Ministry of Economic Affairs and Energy of Germany, has been launched
under Prof. Dr. Olivier Guillon at Forschungszentrum Jülich GmbH (FZJ), Institute
of Energy Materials and Devices (IMD) – Materials Synthesis and Processing (IMD-2).
This project is dedicated to applying ML to the design, optimisation, and predictive
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modelling of SOCs. Specifically, the ML4SOC project targets the integration of ML
into the manufacturing of SOCs by means of tape casting, with the substrate of the
FESCs as the first hands-on component. By combining advanced experimental data
acquisition using an Electronic Laboratory Notebook (ELN) and in-situ characterisation,
the ML4SOC project aims to establish robust ML models capable of identifying optimal
process parameters, reducing overall energy consumption (especially during either
drying or sintering), and supporting reproducibility in large-scale production of SOC
technologies.

The present dissertation is situated at the intersection of the ARTISTIC research
initiative and its linked projects, as well as ML4SOC project in collaboration between
UPJV (France) and IMD-2, FZJ (Germany). While the ARTISTIC framework adaptation to
SOC manufacturing provides the conceptual and computational approach for linking
manufacturing and the dried microstructure of the substrate after tape casting and
drying by coupling physics-based modelling and ML/DL, the ML4SOC project offers a
comprehensive data-based approach using a fully experimental dataset to build ML
modelling for SOC manufacturing from tape casting and drying to the sintering and
reduction stage. The approaches in these two projects complement each other, en-
abling a deeper understanding of the FESC substrate production. By combining these
complementary approaches, the main goal of this thesis is to bridge experimental ob-
servations, particle packing of the substrate microstructure after drying, and predictive
modelling, ultimately contributing to the scalable and reproducible fabrication of SOC
materials. There are two primary aspects to the research objective of this work:

⋄ Develop coarse-grained physics-based modelling, within the ARTISTIC frame-
work, for the tape casting and drying of fuel-electrode supports using a Discrete
Element Method (DEM). Unlike stochastic microstructure generation, the DEM
approach accounts for particle-scale physical interactions, yielding microstruc-
tures with direct physical relevance. Thus, this model provides a digital repre-
sentation of the green microstructure that can serve as meaningful inputs for
subsequent continuous models (e.g., phase-field) instead of only using stochastic
microstructures as inputs.

⋄ Leverage ML to exploit experimental datasets, within the ML4SOC project, to
capture complex relationships between manufacturing parameters (including
those difficult to investigate by using physics-based models, such as humid-
ity or exhaust air volume flow rate, among others) and substrate properties
across tape casting and drying, sintering, and reduction stages. This enables
us to identify optimal manufacturing parameters from experimental datasets,
reducing reliance on empirical trial-and-error.

The following chapters outline the studies conducted in this thesis. Chapter 2
provides the fundamental background on SOCs, including operating principles, ma-
terials, designs and manufacturing. Chapter 3 presents coarse-grained physics-based
modelling for the tape casting and drying of the fuel-electrode substrate in FESCs.
Chapter 4 introduces a hybrid modelling framework by integrating DL and DEM to
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accelerate slurry simulation in the tape casting of the fuel-electrode substrate. Chapter
5 discusses the data-driven ML approach to predict the physical properties of the sub-
strate throughout various fabrication stages, encompassing tape casting and drying,
sintering, and reduction stages. Finally, Chapter 6 summarises the overall conclusions
of the dissertation and gives an outlook.
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2
Fundamental aspects of solid

oxide cells: From materials to
manufacturing

This chapter is devoted to a brief introduction of solid oxide cells. It introduces their
operating principles, the materials typically used for each functional layer, common
design configurations, and the fabrication route of fuel-electrode-supported cells. This
overview establishes a basis for understanding SOC technology and its underlying
scientific and engineering aspects.

2.1 Solid Oxide Cells

Solid Oxide Cells (SOCs) are electrochemical energy conversion devices capable of
operating in two distinct modes within a single unit. In fuel cell mode (SOFCs), SOCs
directly convert the chemical energy of fuels such as hydrogen, methane, or biogas into
electricity and heat through an electrochemical reaction between hydrogen and oxygen,
resulting in the formation of water. This fundamental reaction, commonly known
as the Knallgas reaction, is highly exothermic and central to energy conversion in
SOFCs. Conversely, in electrolyser mode (SOECs), SOCs function in reverse, producing
hydrogen and oxygen by splitting water. Depending upon the electrolyte material,
SOCs typically operate at high temperatures ranging from 650◦C to 900◦C [27, 28,
29, 30], and at intermediate temperatures of ∼ 400◦C to 600◦C for proton-conducting
electrolytes [29, 30, 31, 32]. In this thesis, I focus exclusively on oxygen-ion conducting
SOCs, which represent the conventional design for high-temperature operation and
are most relevant to current manufacturing approaches. The fundamental working
principles of solid oxide cells operating in fuel cell mode and electrolysis mode are
illustrated in Figure 2.1. Figure 2.1(a) shows the operation of the SOFC where chemical
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energy is converted into electricity, while Figure 2.1(b) depicts the SOEC process, which
uses electrical energy to produce hydrogen and oxygen through water splitting.

The SOC generally consists of a dense solid-state oxygen-ion-conducting electrolyte
sandwiched between two porous electrodes: a fuel electrode (anode) and an air elec-
trode (cathode). Regarding SOFCs, the electrochemical oxidation of fuel gas, including
primarily hydrogen, but potentially also carbon monoxide, methane, etc., occurs at
the fuel electrode in the presence of oxygen ions transported through the electrolyte1

from the air electrode, forming water (H2O) and possibly Carbon dioxide (CO2). The
liberated electrons pass via an external circuit to reach the air electrode where they
reduce oxygen gas to oxide ions under the effect of the air electrode material catalyst.
The movement of the electron flowing over the external circuit produces electrical
energy.

The half-reaction happening at fuel electrode is written as

H2 +O2− −−→ H2O+ 2 e− (2.1)

The half-reaction at the air electrode is expressed as

1

2
O2 + 2 e− −−→ O2− (2.2)

Hence, the overall electrochemical reaction obtained by combining the half-reactions
at both electrodes is given by

H2 +
1

2
O2 −−→ H2O (2.3)

In the case of using biogas or methane as the fuel gas, reforming reactions generate
H2 and CO, which subsequently undergo the electrochemical half-reactions at the fuel
electrode as follows: In the case of the use of biogas or methane as the fuel gas, the
half-reaction at the fuel electrode is presented as follows:

CH4 + 4O2− −−→ CO2 + 2H2O+ 8 e− (2.4)

CH4 +H2O −−→ CO+ 3H2 (2.5)

CO+O2− −−→ CO2 + 2 e− (2.6)

H2 +O2− −−→ H2O+ 2 e− (2.7)

The overall electrochemical reaction for methane (or methane-rich biogas) can be
represented as

CH4 + 2O2 −−→ CO2 + 2H2O (2.8)

1Due to the higher oxygen partial pressure at the air electrode side, the O2– ions will transport
through the electrolyte and reach the fuel electrode, once the external circuit is closed. For hydrocarbon
fuels such as methane, reforming reactions typically generate H2 and CO, which subsequently undergo
electrochemical oxidation at the fuel electrode.
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2.1. Solid Oxide Cells
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(a) Solid oxide fuel cells
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2
O2

(b) Solid oxide electrolysis cells

Figure 2.1. Schematic diagram of (a) Solid oxide fuel cells and (b) Solid oxide electrolysis cells
based upon an oxygen ion conductor using H2 as fuel gas.

During SOEC operation, water molecules are reduced at the fuel electrode (cathode)
by incoming electrons to form hydrogen gas and oxide ions. This electrochemical
reaction is expressed as

H2O+ 2 e− −−→ H2 +O2− (2.9)

The oxide ions are transported through the oxygen-ion conducting electrolyte to
the air electrode (anode), where they are oxidised to release oxygen gas and electrons:

O2− −−→ 1

2
O2 + 2 e− (2.10)

Thus, the overall electrolysis reaction can be summarised as follows:

H2O −−→ H2 +
1

2
O2 (2.11)

A unit composed of the fuel electrode, the electrolyte, and the air electrode is
commonly referred to as a cell. During operation, a single cell typically produces
a voltage of less than 1V [33, 34]. This output voltage is relatively low for even
the smallest application; for instance, a mobile phone generally requires around 5V.
Thus, the output voltage from a single cell is not sufficient for practical application.
In order to produce the necessary power, multiple cells must be connected either in
series to increase the amount of voltage or in parallel to deliver a higher current,
depending upon the need. This connection is made using another component known
as an interconnect, which links individual cells together to form a stack. In this
configuration, the overall voltage increases to a level that is suitable for real-world
use. Figure 2.2 shows the arrangement of the fundamental components of a plannar
SOC stack. The next section offers a brief overview of the main components of the

9



Chapter 2. Fundamental aspects of solid oxide cells

SOFC, along with their material requirements, to establish the scientific background
and introduce the key concepts relevant to this study.

Figure 2.2. Functional core components and configuration of a planar SOC stack (SRU: single
repeating unit) [35].

2.2 Materials for SOCs

All components in the SOC device are fabricated from the solid-state materials, typi-
cally including alloys, ceramics, or cermets2. It is worth mentioning that the materials
used for each component of the SOC must be compatible with one another in terms
of physical, chemical and thermal properties, particularly under the high-temperature
conditions at which SOCs operate.

2.2.1 Oxygen-ion-conducting electrolyte

The electrolyte must meet the key requirements, including gas tightness, chemical
stability under both reducing and oxidising conditions, high ionic conductivity, and
negligible electronic conductivity3. Various oxygen ion-conducting ceramics have been

2Cermets are composite materials made of ceramic and metal materials, combining the hardness of
ceramics with the toughness of metals.

3Electrolyte should not demonstrate electron conduction to avoid an internal short circuit in the cell
system.
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developed for this purpose, such as Yttria-Stabilised Zirconia (YSZ), doped cerium
oxide, and doped bismuth oxide [33]. Among these, YSZ is the most commonly
used material for the electrolyte in SOCs due to its thermal stability and high ionic
conductivity resulting from a high number of oxygen vacancies. In particular, YSZ
with 3 or 8 mol% yttria (3YSZ or 8YSZ) is typically used as a thin film in supported
cells, illustrating stable performance within the temperature range of 700◦C to 900◦C
[36].

2.2.2 Fuel electrode

On the fuel-side functional layer, water is reduced during electrolysis, whereas hydro-
gen is oxidised electrochemically in fuel cell operation. Therefore, the fuel-electrode
material must be chemically and thermally stable, and exhibit high electronic and
ionic conductivity, along with a fine and porous structure for gas diffusion of educts
and products [36, 37]. Nickel (Ni) is commonly utilised in almost all commercially
available SOC devices as catalytic active phase. Nevertheless, its high Coefficient of
Thermal Expansion (CTE) against that of YSZ electrolyte limits its use as a standalone
material. To overcome this, Ni is typically combined with YSZ to form a compos-
ite. Addition of YSZ into porous Ni not only improves ionic conductivity but also
enhances thermal compatibility with the electrolyte [38, 39, 40]. Currently, porous
Ni/YSZ cermet is widely used as the fuel electrode material because of its excellent
electronic conductivity and catalytic activity. However, the long-term operation of
SOCs at high temperatures leads to Ni particle coarsening, reducing the triple-phase
boundaries essential for electrochemical reactions [41]. Furthermore, the Ni/YSZ fuel
electrode is prone to carbon deposition [42, 43] and sulfur poisoning [44, 45] when
using hydrocarbons as fuel gases. This causes significant performance loss. To ad-
dress these, alternative fuel-electrode materials (e.g. Ni/GDC or Ni/ScYSZ cermets) [45,
46] have been investigated to improve tolerance against carbon deposition and sulfur
poisoning, respectively.

2.2.3 Air electrode

The air-electrode material must show a porous microstructure to ensure air diffusion,
electronic and ionic conductivity, and chemical stability. Furthermore, the air electrode
should also exhibit strong catalytic activity for oxygen splitting during SOFC operation
and O2– ion recombination during SOEC operation [47]. For mechanical compatibility,
CTE should be adapted to that of adjacent electrolyte layer. The most commonly
used materials for the air electrode are ceramic-based mixed ionic and electronic
conducting perovskites. These materials share the general perovskite formula ABO3,
with well-known examples including LSCF (La, Sr, Co, Fe) and LSC (La, Sr, Co) [48, 33,
47, 49, 50]. In addition, lanthanum strontium manganite (LSM), which is primarily an
electronic conductor, has also been employed in combination with electrolytes such
as YSZ for air electrode applications [33].
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2.2.4 Interconnects

Interconnects or bipolar plates function both as the electrical connection between ad-
jacent cells and a physical barrier separating the reducing and oxidising atmospheres.
To fulfil these requirements, the interconnect material must remain stable in dual en-
vironments at high temperatures and provide high electronic conductivity to reduce
ohmic losses. Chromium-based ferritic steels, e.g., Crofer 22 APU, are the standard
choice due to their favourable conductivity and thermal expansion compatibility with
the cell [51]. In order to avoid chromium evaporation, the interconnects are commonly
protected with manganese oxide coatings containing dopants such as Co or Fe [52,
53].

2.3 SOC designs

There are three principal SOC designs based upon their mechanical support layer,
known as the substrate: Fuel Electrode-Supported Cells (FESCs), Metal-Supported Cells
(MSCs), and Electrolyte-Supported Cells (ESCs). In FESCs, the porous substrate is
generally fabricated from the same material as the fuel electrode. MSCs use the
metallic substrate, while ESCs achieve mechanical stability through the electrolyte
itself.

All SOC configurations include the fundamental functional layers, namely the elec-
trolyte, the fuel and air electrodes. In certain cases, diffusion barrier layers are in-
corporated to prevent the formation of undesired secondary phases, depending upon
the selected materials. Planar, tubular and rolled cell geometries have been imple-
mented in various SOC designs [54, 55]. Figure 2.3 provides a schematic overview of
the different planar designs.

Both FESCs and MSCs benefit from thin electrolytes, which lower ohmic resis-
tance and thereby enable high power densities, making them particularly attractive
for stationary power generation. The resulting lower operating temperatures mitigate
materials degradation, extend cell lifetime, reduce corrosion of the ancillary reactant
delivery equipment, and lower system costs, enhancing overall system durability and
reliability [56, 57, 58, 59, 60, 61]. However, their fabrication poses challenges, particu-
larly with respect to integrating alternative fuel electrode materials, since achieving a
gas-tight electrolyte requires sintering at elevated temperatures. The combined struc-
ture of substrate, fuel electrode, and electrolyte is commonly referred to as a Half-Cell
(HC). During high-temperature sintering of the HC, interdiffusion at interfaces as well
as constrained sintering phenomena occur between the different constituent materials.

For ESCs, the electrolyte must be of sufficient thickness to provide mechanical
stability but can be processed as a single layer. This characteristic renders ESCs more
suitable for investigating novel fuel electrode materials, as they can be fabricated at
comparatively lower sintering temperatures. Table 2.1 gives information about the
materials and layer thicknesses conventionally used in SOC fabrication.
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Cermet substrate

Metal substrateBarrier layer Electrolyte

Fuel electrode Air electrode

FESC ESCMSC

Figure 2.3. A schematic representation showing three prevalent SOC design types (not reflect-
ing actual dimensions).

Table 2.1. Commonly used SOFC materials and layer thicknesses applied by IMD-2.

Layer Material Thickness (µm)

Substrate Ni-Y0.148Zr0.852O1.926 ∼ 300

Fuel electrode
Ni-Y0.148Zr0.852O1.926 ∼ 7

Ni-Gd0.1Ce0.9O2–δ ∼ 15

Electrolyte Y0.148Zr0.852O1.926 ∼ 10

Barrier layer Gd0.1Ce0.9O2–δ ∼ 6

Steam electrode
La0.58Sr0.4Co0.2Fe0.8O3–δ ∼ 30

La0.58Sr0.4CoO3–δ

2.4 Production of FESCs

The full cell fabrication of a planar design of FESCs has been developed from the con-
ventional fuel-electrode supported half-cell manufacturing process at Forschungszen-
trum Jülich GmbH [53, 62]. FESCs typically consist of a thick (250–500 µm) Ni/8YSZ
support with a coarse microstructure on the fuel side, a thin (∼ 10 µm), fine-grained
Ni/8YSZ fuel electrode, a dense and gas-tight 8YSZ electrolyte of similar thickness, a
gadolinium-doped ceria (GDC) barrier layer (∼ 5 µm), and an LSC(F) air electrode with
a thickness of about 50 µm. In most cases, the support is produced by tape casting,
while the subsequent functional layers are deposited by screen printing. Alternatively,
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the support, fuel electrode, and electrolyte may be co-cast in a green-in-green process
or cast individually and later laminated [63]. The number of required sintering steps
largely depends upon the selected half-cell fabrication route. At a minimum, three sin-
tering steps are necessary (for the half-cell, barrier, and air electrode), but this number
may increase to five if the support and fuel electrode are sintered separately [47]. The
typical manufacturing procedure of the full cell using tape casting, screen printing,
and four sintering steps is illustrated in Figure 2.4.

Substrate
NiO/8YSZ

Tape Casting

1230°C, 3 hours

Fuel Electrode
NiO/8YSZ

Screen Printing

Electrolyte
8YSZ

1400°C, 5 hours

Screen Printing

Barrier
CDG

Screen Printing

Air Electrode
LSC(F)

1080°C, 3 hours

Screen PrintingFull cell

1250°C, 1 hour

Figure 2.4. Manufacturing process of the fuel-electrode supported SOCs.
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3
Coarse-grained physics-based
modelling for tape casting of

fuel-electrode supports

This chapter presents a modelling framework to simulate the tape casting and drying
process of the fuel-electrode supports. To ensure clarity for readers less familiar with
modelling approaches, it is useful to distinguish between key concepts of models,
modelling, and simulation. A model is a mathematical, physical, or logical repre-
sentation of a real-world system, phenomenon, or process but not the “real thing”
itself. Modelling is the process of producing a model of an original system to analyse
solutions and describe the system. Simulation is the use of a model to inspect the
behaviour and performance of an actual or hypothetical system. In the simulation,
models can be used to examine existing or proposed characteristics of a system [64,
65]. With the rapid advancement of computers, computer simulations have become
tremendously powerful tools for investigating phenomena that are too complex to
handle analytically [66, 67]. These simulations are software-implemented approxima-
tions of mathematical models. A combination of both modelling and simulation is
beneficial, particularly starting with modelling to build an understanding of the sys-
tem, and then using simulation to explore its dynamics and validate the model. It
is essential to bear in mind that models, especially those integrating theories and
scientific laws, remain approximations of real-world entities. While models frequently
show only a partial view of the entire system, they may aid in clarifying specific sys-
tematic characteristics. Accordingly, the limitations of a model, including predefined
variables and underlying assumptions, must always be considered [68]. As a result,
questions regarding the accuracy of the imitation naturally arise, and these are always
a concern in computational studies. Addressing these concerns relies on two comple-
mentary procedures: verification and validation, which are sometimes both referred to
under the umbrella term “validation” [69]. Verification ensures that the computerised
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model is correctly implemented, considering both the assumptions and computational
procedures, while validation involves comparing simulation results with experimental
measurements under defined conditions [70]. In the realme of electrochemical power
generation devices, experiments and modelling are frequently combined, ensuring
that modelling approaches are suitable for the intended purpose. This conceptual
background provides the foundation for the manuscript included in this chapter.

This chapter is the subject of a publication entitled Coarse-grained physics-based
modelling for tape casting of fuel-electrode supports in Solid Oxide Cells. The original
work, contributed by Tan Le-Dinh, Mohammed Alabdali, Franco M. Zanotto, Hartmut
Schlenz, Norbert H. Menzler, Olivier Guillon, and Alejandro A. Franco, has been pub-
lished in the Journal of Power Sources, 662 (2026) 238655 (doi:10.1016/j.jpowsour.2025.23-
8655). Minor adaptations have been made to integrate the material coherently into the
structure of this thesis.

3.1 Introduction

In FESCs, the fuel-electrode support or substrate must exhibit sufficient mechani-
cal strength of the cell. Moreover, the functions of the support are also electrical
connection and gas permeability for educts and products. This results in the major
requirements of the fuel-electrode support: high electrical conductivity for electronic
conduction and a sufficiently open porous network for gas transport. NiO/YSZ cermets
were widely selected as the porous fuel-electrode substrates, as they were reduced to
Ni/YSZ cermets in the presence of the fuel during cell start-up, contributing to both
sufficient mechanical stability and high electrical conductivity. One of the promising
low-cost methods widely used to fabricate the fuel-electrode substrate is the tape-
casting method [71, 72]. Tape casting is a well-known technique for the formation
of thin-flat-ceramic sheets [73, 74]. The mass production of green tape using this
promising process demands casting slurry preparation, including powders, binders,
plasticisers, and dispersants [75, 76].

In the tape-casting process, the mechanical and physical attributes of the green
tapes are of the utmost importance in the subsequent processing and the final char-
acteristics of the material [77]. In order to produce high-quality green tape, a trial-
and-error procedure is often applied to ensure the most stable suspension and achieve
the desired tape properties [78, 79, 80]. Nonetheless, this approach is costly, result-
ing in material wastage, product rejection, and significant time investment. Besides,
understanding the evolution of the three-dimensional (3D) microstructure during the
tape casting process is critical for investigating key phenomena such as agglomeration,
sedimentation, and particle packing, which significantly impact the porosity and me-
chanical properties of the final support structure. Advanced visualisation techniques,
including focused ion beam-scanning electron microscopy (FIB-SEM) [81, 82, 83] and
X-ray computed tomography (XCT) [84, 85], are frequently utilised to examine the in-
ternal microstructure of the electrode. Despite their utility, these techniques can be
time-consuming and pose challenges to fully differentiate between material phases.
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3.2. Materials and methods

Computational modelling has been used to understand the influence of elec-
trode microstructure on electrochemical performance. Although most studies rely
on stochastically generated electrode microstructures [86, 87, 88, 89], the manufactur-
ing process plays a pivotal role in determining the morphology and electrochemical
performance of the support in SOCs [90, 91, 92]. Thus, accounting for microstructural
analysis with manufacturing parameters gives a comprehensive framework, providing
deep insights into microstructural evolution.

In the context of the ARTISTIC research initiative [93], numerous physics-based
numerical models were reported allowing the prediction of the 3D microstructure
of battery electrodes as a function of manufacturing parameters [94, 95, 96, 97].
These models typically employ coarse-grained molecular dynamics or discrete element
method (DEM) simulations for each step in the electrode manufacturing process chain.
To the best of my knowledge, this powerful computational approach has yet to be
considered in the case of SOC devices. In this study, a physics-based DEM approach is
applied to model two stages of the tape-casting process of the fuel-electrode supports,
namely the slurry phase and its drying. In the slurry phase, the DEM approach models
the interaction between NiO, 8YSZ, and domains representing the solvent, the binder,
the dispersant and the plasticiser (Binder Dispersant Plasticiser Domain—BDPD) to
mimic the properties of the casting slurry. Subsequently, the experimentally validated
simulated slurry is used as an input to simulate the drying stage by solvent removal
of BDPD.

In this study, a 3D physics-based modelling framework is proposed to simulate the
fabrication of fuel-electrode substrates in Ni-cermet planar FESCs. This framework
characterises the green tape’s microstructural features using the DEM approach, which
operates efficiently with limited computational resources. As a proof of concept,
the underlying theory and methodology are introduced, followed by an overview of
the main results and model outlooks. Finally, the conclusions and perspectives are
discussed.

3.2 Materials and methods

3.2.1 Slurry preparation

The most prevalent materials for the support in the state-of-the-art FESCs are Ni-YSZ
cermets [98, 99, 100]. The NiO (Green Nickel Oxide) and 8YSZ (8 mol% yttria-stabilized
zirconia) powders were utilised to attain a 57:43 NiO:8YSZ volume fraction [101]. The
NiO and 8YSZ powder mixture, Ethanol and Methyl ethyl ketone solvents, binders,
dispersants, plasticisers and grinding balls were mixed for 10 hours to form the most
stable suspension of the slurry. The particle size distributions of both NiO and 8YSZ
were not distinguishable in the prepared slurry and determined with d10 = 0.35–0.45
µm, d50 = 0.5–0.7 µm, and d90 = 0.8–1.0 µm. Table 3.1 lists all material components
used for the slurry preparation.
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Table 3.1. Materials used to prepare the casting slurry.

Material Role in the slurry Producer

NiO Powder G. Vogler B.V.

8YSZ Powder Imerys

Ethanol Solvent Merck

Methyl ethyl
ketone

Solvent Merck

Polyvinyl butyral
B-98

Binder Solutia Inc.

Solusolv S-2075 Plasticiser Solutia Inc.

PEG400 Plasticiser Merck

BYK 220 S Dispersant BYK

3.2.2 Slurry

This subsection delineates the challenges and assumptions inherent to the model,
details the procedure for generating the initial structure, and elucidates the physics
utilised to simulate the casting slurry, as well as the computational procedures es-
tablished for characterising the slurry. A major challenge in constructing any 3D
geometrical model of the slurry lies in the inconsistency in terms of scale among
its chemical elements. Indeed, ceramic powders (e.g. NiO and 8YSZ) used in the
slurry mixture are in the micrometre range, while solvents may be considered at the
molecular scale level, and organic materials are in the nanoscale. Therefore, geomet-
rical models would require a big simulation box (tens to hundreds of micrometres in
length in terms of x, y, and z coordinates) to account for a statistically relevant num-
ber of ceramic powder particles, while simultaneously demanding nanoscale or even
molecular resolution to capture the smaller slurry components. Such requirements
render the simulations prohibitively expensive with current computational resources.
Consequently, approximations are essential to seize key characteristics of the slurry
microstructure while maintaining the computational cost manageable. In this chapter,
a coarsening approach is deployed, as shown graphically in Figure 3.1. More specifi-
cally, secondary NiO and 8YSZ particles are explicitly taken into account, while BDPD
particles incorporate solvent and organic materials in the slurry phase and represent
organic aggregates in the drying phase. The current version of the model would not
account for the primary NiO and 8YSZ particles that compose the corresponding sec-
ondary particles. Additionally, all particles (e.g. NiO, 8YSZ, and BDPD) are modelled
as spheres for simplicity.

The assumptions bring about the following consequences:
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Solvent + Organic materials

NiO 8YSZ Binder

Air

Slurry Dried microstructure

Figure 3.1. Coarsening approach schematic for the fuel-electrode substrate model. The
secondary NiO and 8YSZ particles are explicitly described, whereas the BDPD particles account
for solvent and organic materials in the slurry phase and for organic materials in the drying
phase.

⋄ This model is applicable to powder particles (e.g. NiO and 8YSZ) that can be
approximated as spherical.

⋄ In practice, the BDPD phase exhibits strong deviations from spherical morphol-
ogy because of its high deformability, necessitating proper processing of this
phase to fit the model.

The first consequence confines the types of powder particles simulated using
this model. In fact, this technique might be improved by using combinations of
smaller spherical particles to simulate complex real particle shapes derived from X-
ray tomography data. The approach was adopted in the case of lithium-ion batteries
and solid-state batteries. However, it showed limitations pertaining to computational
cost, especially performing the simulated viscosity was challenging [102, 103]. Another
consequence is quite important for model calibration, when examining a balance
between computational cost and model fit to experimental values.

Once the model approximations are defined, the manufacturing parameters are
required as input for the computational model. The manufacturing parameters are
defined as the parameters associated with the experimental process, for instance, the
slurry Solid Content (SC) and the Particle Size Distribution (PSD) of the material (e.g.,
NiO and 8SYZ). The manufacturing parameters are, as per the experimental conditions,
assumed to be constant; for example, SC is constant along the simulation.
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DEM is a computational simulation technique used to model the dynamic be-
haviour of complex particulate systems such as powders and granular materials by
numerically solving Newton’s equation of motion for a collection of particles in a
simulated system [104, 105, 106, 107]. The simulation begins with the stochastic gen-
eration of initial particle positions within a predefined box, where BDPD particles are
enlarged and their density reduced to represent the solvent. The initialisation also
includes assigning velocities and forces to each particle. These initial conditions can
be based upon experimental data, previous simulations, or theoretical calculations. To
describe the interactions between a pair of particles, Force Fields (FFs) are employed.
A combination of Lennard-Jones (LJ) and Granular Hertzian (GH) FFs is adopted to
resemble the physicochemical characteristics of the casting slurry (Figure 3.2). The
LJ FF (LJFF) is used to imitate attractive–repulsive non-bonded interactions between
particles, while the GH FF (GHFF) accounts for particle–particle contact mechanics of
the system, and thus mimics the real world-behaviour of granular materials such as
casting slurry. The forces acting upon each particle are calculated based upon their
positions by using these FFs. Newton’s second law of motion is then used to update
the positions and velocities of the particles in the system. The equations of motion
are numerically integrated over a small time step so as to calculate the new positions
and velocities of the particles based upon the current positions, velocities, and forces.
The integration step is performed until the system reaches equilibrium, with each
time advancing the system’s state by a small time interval. The smaller the time step,
the more accurate the simulation, however, it also increases the computational cost.
To avoid particle overlap, all particles are randomly placed within a sufficiently large
simulation box at the start. A constant temperature and constant pressure (NPT en-
semble) are applied for the slurry-phase simulation at 300 K and 1 bar until the system
is equilibrated. In this work, LAMMPS [108, 109], an open-source molecular dynamics
programme, is employed for all simulations with Periodic Boundary Conditions (PBCs)
in all three directions (x, y, and z-axis). Since the coarsening approach is adopted
to model the slurry phase, it has also been referred to as Coarse-Grained Molecular
Dynamics (CGMD) in the literature [110]. Nonetheless, it should be emphasised that
the present model targets particle-level interactions rather than molecular dynamics.
Therefore, while the approach can be described using different terminologies (e.g.
CGMD, Particle Dynamics, or DEM), the DEM terminology is consistently used here to
emphasise that the simulations address the behaviour of ceramic powder particles at
the particle scale.

Another important point to note is that BDPD particles create a continuous
medium, in which particles are highly overlapped, that allows this strategy to ef-
fectively mimic the behaviour of viscous suspensions, such as the slurry. However, in
order to achieve this, the FF parameters must be correctly tuned. Equations (3.1)-(3.3)
provide the mathematical descriptions of the LJ and GH FFs.

The LJFF [111, 112] is derived from the LJ potential energy defined as follows:

V (r) = 4ϵ

[(
σ

r

)12

−
(
σ

r

)6
]

r < rc, (3.1)
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Figure 3.2. FFs working principle based upon LJ and GH interactions between two particles
within the simulations.

FLJ (r) = −∇V (r) , (3.2)

where ϵ is the well depth that measures the strength of the attraction between the two
particles, σ represents the minimum distance to which two nonbonding particles may
approach each other since it corresponds to the distance at which the inter-particle
potential between the two particles becomes zero, rc is the cut-off distance at which
the particles stop interacting with one another, and r represents the distance between
a pair of particles measured from the centre of one particle to the centre of the other
particle (Figure 3.3).

The GHFF [114, 115] is defined as

FGH =
√
δ

√
RiRj

Ri +Rj

[(
knδnij −meffγnvn

)
− (kt∆st +meffγtvt)

]
, (3.3)

where δ is the overlap distance, Ri and Rj are the radii of two interacting particles, kn
is the normal elastic constant, kt is the tangential elastic constant, γn is the viscoelastic
damping constant for normal interaction, γt is the viscoelastic damping constant for
tangential interaction, vn and vt are the relative velocities of two interacting particles
in terms of normal and tangential components, respectively. In addition, ∆st is the
tangential displacement vector between a pair of interacting particles, nij represents
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Figure 3.3. The LJ potential describes both the attraction and repulsion between particles [113].

the unit vector along the line linking the centres of the two interacting particles, and
meff is the effective mass of both particles, expressed as

meff =
mimj

mi +mj

, (3.4)

where mi and mj are the mass of particle i and particle j, respectively.
It is clearly evident from equation (3.3) that FGH will be equal to 0 for δ = 0

(Figure 3.4). An appropriate proportion of overlap between interacting particles must
thus be permitted so as to account for the GHFF. Another important parameter, the
coefficient of friction (µ), determined by the highest ratio between the tangential and
normal forces, is the last factor required for the simulation [115].

It should be noted that the LJFF in this study is an approximation to describing
the interaction between particles, and the LJ was chosen because of its simplicity.
Specifically, the LJ was used as an approach to control the distance and interaction
forces among different particles. This adjustment of interparticle distances is criti-
cal to stabilise the particles in both the slurry and drying phases and to prepare a
physically plausible particle packing for the GH contact model, which governs elastic
and frictional forces once particles are in contact. By contrast, the GH contact model
is directly derived from physical contact mechanics and represents the particle-level
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Figure 3.4. Schematic of the applied GH forces [116].

physics, ensuring suspension stability and particle packing after drying that are consis-
tent with experimental observations. Therefore, these two FFs form the coarse-grained
description, allowing the model to mimic the experimentally observed suspension be-
haviour, particle packing, and microstructural features of the fuel-electrode support.
While the LJFF provides an effective means to mimic mesoscale cohesive interac-
tions, the GHFF preserves rigorous particle-level physics, enabling the overall DEM
framework to be considered physics-based in the coarse-grained modelling sense.

In the simulation, the particles are explicitly considered as distinct material kinds
in the system, for example, NiO, 8YSZ, and BDPD, in which the BDPD particle is a type
of an effective particle that represents solvents and organic materials in the casting
slurry. Thus, the BDPD diameter and its density are also effective parameters that can
be adjusted to optimise the FFs.

Figure 3.5 demonstrates not only the initial and final states of the slurry simulation
with the particle interactions in compliance with the chosen FFs but also the equi-
libration of the initial simulation box to prevent overlapping of the particles through
increasing the pressure until 1 bar to obtain the equilibrated slurry model. Some vari-
ables, such as particle overlap and velocity, are automatically calculated by LAMMPS,
while all FF parameters must be calibrated to fit the experimental output descriptors by
the operator. Specifically, the slurry phase is validated by comparing the experimental
with the simulated density. Additionally, such DEM simulations should also display a
calibration of the viscosity in the equilibration of the slurry. In fact, when a shear rate
(γ̇) is applied to the slurry, the slurry undergoes deformation, which gives rise to shear
stress (τ). τ is determined by the force required to sustain the deformation divided
by the slurry surface area. Viscosity is then defined as the ratio of τ to γ̇ (Figure
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3.6). This set-up closely reflects the experimental configuration used to measure slurry
viscosity, making it well-suited for comparing experimental and simulated results.

Equilibrated Slurry

NiO 8YSZ BDPD

Random Initial 
Particles’ location

GRANULAR 
HERTZIAN

LENNARD-JONES

NPT Simulation
➢ T = 300 K, P = 1 bar
➢ All periodic boundary 

conditions

Figure 3.5. Diagram of the simulation and configuration of the slurry model. The initial
random structure is shown on the left-hand side, where the number of NiO, 8YSZ, and BDPD
particles are defined as a function of the mass, weight fractions, material density, and PSD.
Centre, application of LJ and GH FF in all PBCs to obtain the equilibrated structure at 300
K and 1 bar, where the highlighted terms in the LJ and GH formulae indicate the parameters
tuned. An example of the equilibrated slurry is shown on the right-hand side. Adapted from
Prof. Dr. Alejandro A. Franco’s lecture series at Université de Picardie Jules Verne (Amiens,
France).

As a proof of concept, the calibration of two viscosity points is required to ensure
that the simulated slurry behaves in agreement with the experimental one. A series of
non-equilibrium (NE) simulations was adopted to determine multiple viscosity values
against the desired shear rates. This was accomplished by altering the angle of the x-y
plane with respect to the x direction and thus deforming the simulation box in a single
lateral direction. The length of the simulation box multiplied by the selected shear
rate in the y direction determines the deformation rate. Consistency is maintained by
using the same FF parameter values as in the slurry simulation. It is worth noting that
a single NE simulation calculates the shear stress for the applied shear rate, meaning
each simulation produces one point of the shear-viscosity curve. Besides, it is also
necessary to allow enough time for the simulation to converge on the target viscosity
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Figure 3.6. Schematic of the computational procedure to calculate the slurry viscosity corre-
sponding to a certain shear rate through NE simulation. Adapted from Prof. Dr. Alejandro A.
Franco’s lecture series at Université de Picardie Jules Verne (Amiens, France).

value. In this work, the NE simulations were deployed by running 107 timesteps with
a size of ∆t = 0.001 µs. The simulated viscosity was, then, calculated by taking the
mean of the instantaneous viscosity measurements following the convergence of the
simulation. The viscosity calibration was performed on a small slurry microstructure
(14 162 particles). After the calibration of the viscosity achieved the experimental
values, the model was scaled up to 226 568 particles to meet the expected thickness.

3.2.3 Drying

In this subsection, the workflow of the simple drying model, developed within the
ARTISTIC research initiative, is presented for the case of the fuel-electrode support.
The model adopts a computational strategy akin to the slurry model and simulates
the 3D substrate microstructure emerging from the drying process, using the 3D slurry
microstructure from the preceding subsection as input (Figure 3.7). Drying is repre-
sented by the homogeneous shrinkage of BDPD particles to mimic solvent evaporation.
Specifically, all solvent-containing BDPD particles were instantaneously reduced in di-
ameter from 1.8 µm to 0.38 µm. The DEM simulation proceeded until equilibrium was
reached. This means that the FFs were re-calibrated to obtain a dried microstructure
satisfying the experimental porosity and density. Stronger particle connections owing
to binder bridges, along with the greater mechanical properties of the green tape are
explained by an increase in the attractive and elastic interactions, which is the basic
difference between FFs of the slurry and drying phases. Consequently, the thickness
drops from top to bottom. Throughout the simulation, the temperature remains con-
stant at 300 K at each time step. Since the drying process only removes the solvent,
the number of BDPD particles is conserved, and the amount of BDPD in the dried
microstructure can therefore be directly quantified from the initial slurry composition.
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NiO 8YSZ BDPD

GRANULAR 
HERTZIAN

LENNARD-JONES

NPT Simulation
➢ T = 300 K, P = 1 bar
➢ All periodic boundary 

conditions

Equilibrated Slurry Dried microstructure

Figure 3.7. Diagram of the simulation and configuration of the homogeneous drying model.
The slurry mesostructure is shown on the left-hand side. Centre, application of LJ and GH
FF in all PBCs to obtain the equilibrated structure at 300 K and 1 bar, where the highlighted
terms in the LJ and GH formulae indicate the parameters tuned. An example of the dried
microstructure is illustrated on the right-hand side. Adapted from Prof. Dr. Alejandro A.
Franco’s lecture series at Université de Picardie Jules Verne (Amiens, France).

The simulation domain sizes were chosen to ensure that each system contained a
sufficient number of particles to simulate the SC used in the experiment. The sizes of
the simulation domain must also be consistent with the experimental physical prop-
erties of the substrate. Besides, these simulation domain sizes should represent a
balance between computational cost and the physical representativeness of the sub-
strate system. In this work, for each phase, two domain sizes were employed: a larger
domain regarding the experimentally measured thickness for the slurry or the corre-
sponding dried microstructure, providing the validation of the simulated microstruc-
ture, and a smaller domain used as a representative test case to assess finite-size
effects. The small and large domains of the slurry simulation were approximately
Lx × Ly × Lz = 13 × 13 × 32 µm3 and Lx × Ly × Lz = 17 × 17 × 300 µm3, respec-
tively. The corresponding small and large domains for the dried microstructures were
approximately Lx× Ly × Lz = 12× 12× 9 µm3 and Lx× Ly × Lz = 16× 16× 90 µm3,
respectively. Simulations for both small and large domain sizes showed no signifi-
cant differences in agreement with the experimental measurements, confirming that
finite-size effects are negligible.
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The DEM approach was conducted using LAMMPS software to model the slurry
and drying phases of the tape-casting process of fuel-electrode substrates in SOCs.
Figure 3.8a illustrates the tape-casting process for the FESC support, highlighting the
two stages being simulated: the slurry preparation and its drying process. The 3D
slurry microstructure and the corresponding dried microstructure obtained from the
DEM simulation are shown for each stage. The computational workflow is illustrated
in Figure 3.8b. In the slurry phase, NiO and 8YSZ are almost obscured by the BDPD
including the solvent. Furthermore, the image also shows the dried microstructure
obtained after solvent removal by shrinking the BDPD spheres in order to mimic the
solvent evaporation. Several simulations were performed following this workflow to
ensure proper statistical representativeness. The PSD used for the simulation can
also be found in Appendix A (Figures A.1 and A.2). The FF parameter values about the
slurry and drying phase are provided in Appendix A (see Table A.1). All the simulations
were run on the MatriCS High Performance Computing cluster of the Université de
Picardie Jules Verne, in Amiens, France, using one node with 128 GB of RAM and 2
processors (Intel® Xeon® CPU E5-2680 v4 @ 2.40 GHz, 28 cores) [117]. Simulating the
large microstructure, comprising 226 568 particles, required approximately 78 hours
for the slurry stage and 226 hours for the drying stage, while simulations of the
smaller microstructure, containing 14 162 particles, completed in approximately 10,
14, and 29 hours for the slurry, viscosity, and drying stages, respectively.

3.3 Results and discussion

In order to further optimise the models and assess the physicochemical aspects of
the slurry simulation, the BDPD diameter and its density are taken into account.
The interaction among these material particles was controlled by the FF parameters,
which were parameterised to imitate the experimental properties. In other words,
all FF parameters were calibrated to achieve a simulated density value within the
experimental uncertainty range. Specifically, the experimental casting-slurry density
value of 2.23 g/cm3 is utilised to validate the calculated slurry microstructure with
a simulated density of 2.22 g/cm3. Furthermore, the rheological properties of the
casting slurry also have an effect on the fabrication of the substrate [118, 119]. It is,
therefore, important to ensure that the simulated slurry behaves like the experimental
one. The casting slurry should behave as if a shear-thinning fluid, also known as a
pseudoplastic fluid, operates [120, 121], which means that the casting slurry exhibits
a decreasing apparent viscosity with an increasing shear rate [122, 123]. Even though
a full viscosity curve is desirable, this would be too computationally expensive and
two viscosity values are determined to be sufficient for this proof-of-concept study.
To meet this requirement, manually tuning the FFs to obtain two viscosity values
corresponding to low and high shear rates was performed. The simulated viscosities
corresponding to the chosen shear rates are shown in Table 3.2. The curves of the NE
simulations for the simulated viscosities with respect to the two relevant shear rates
are shown in Appendix A, Figure A.3.
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Green Tape
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Figure 3.8. (a) A diagram illustrating the stages of the tape casting process of a SOC fuel-
electrode support. (b) A schematic snapshot of the computational workflow depicting each
simulation step in this work. The workflow starts with an initial configuration consisting in a
random spatial distribution of particles. Afterwards, the slurry microstructure is obtained by
performing the simulation until the intial structure is equilibrated in the NPT ensemble. Grey
spheres represent NiO, light red particles illustrate 8YSZ, and slate-blue spheres exhibit Binder
Dispersant Plasticiser Domain (BDPD).
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Table 3.2. Experimental and simulated viscosity as a function of the shear rate.

Shear rate
(
s−1

)
viscosity (Pa · s)

80± 0.3
Experiment 1.7± 0.3

Simulation 1.9± 0.2

100± 0.3
Experiment 1.5± 0.3

Simulation 1.6± 0.1

In the drying phase, the porosity calibration is used as a means to validate the
DEM model. The experimental porosity of the green sample is calculated as

ϕexp

(
%
)
=

Vpore

Vgreen tape
× 100%, (3.5)

where Vpore is the pore volume of the green sample, and Vgreen tape is the volume of the
green sample.

It is critical to ensure the stability and reproducibility of the DEM simulations to
validate the reliability of the generated data. Regarding this, six different simulations
(Slurry Microstructure 1–6) were conducted for the slurry phase by varying the initial
positions of the particles, number of particles in the simulation box, and the size of
the simulation box, providing various microstructures for the analysis to ensure the
consistency of the microstructural properties and particle arrangement of this model.
Subsequently, these slurry microstructures served as inputs to generate the dried mi-
crostructures (Dried Microstructures 1–6) in the drying phase. The simulated density
and porosity of these dried microstructures were calculated to ensure the stability and
consistency of the DEM model, achieving the values of 3.45 ± 0.01 g/cm3 for the
green density, and 9.7 ± 0.3 % for the porosity, in good agreement with those of
the experiment which are 3.46 g/cm3 and 9.6 % for the green density and poros-
ity, respectively. All information pertaining to these simulated microstructures can be
found in Appendix A (Table A.2). Additionally, a Radial Distribution Function (RDF)
was adopted to evaluate the microstructural characteritics of the slurry and dried mi-
crostructures. As a robust analytical tool, RDFs enable the evaluation of structural
consistency in the microstructures across various simulation runs by implementing a
quantitative measurement for comparing particle arrangements in a 3D microstructure
during the simulation. Figures 3.9 and 3.10 depict the RDF analyses in the slurry and
drying phases. Figure 3.9 demonstrates the RDF curves of six different slurry mi-
crostructures in terms of three different scenarios, namely NiO-8YSZ pair-correlation
(Figure 3.9a), NiO-NiO pair-correlation (Figure 3.9b), and 8YSZ-8YSZ pair-correlation
(Figure 3.9c). Likewise, Figure 3.10 shows the corresponding RDF curves for the dried
microstructures in terms of four different scenarios: pair-correlation for all particle
types (Figure 3.10a), NiO-8YSZ pair-correlation (Figure 3.10b), NiO-NiO pair-correlation
(Figure 3.10c), and 8YSZ-8YSZ pair-correlation (Figure 3.10d). In the slurry stage, solid
particles, such as NiO and 8YSZ, are suspended in a liquid phase. This is also
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Figure 3.9. Pair-wise radial distribution functions (RDFs) for 6 different slurry microstructures
with respect to all cases: (a) NiO-8YSZ, (b) NiO-NiO, and (c) 8YSZ-8YSZ. The first peaks in
all RDFs are quite high, demonstrating that NiO and 8YSZ particles cluster at short distances
within the slurry. Comparative analysis of the RDFs confirms the co-existence of both particle
types in close proximity. Particularly, in the case of NiO-NiO correlations, the first peak is
slightly lower than the second peak, attributable to the intervening presence of 8YSZ particles
at shorter radial distances from the reference NiO particle. g(r) tends to unity at long distances
indicating that the particles are well dispersed throughout the microstructure—characteristic
behaviour of a stabilised casting slurry system.

explained in the simulation when most solid spheres were covered by the BDPD over-
lapped highly to effectively mimic the behaviour of viscous suspensions such as the
slurry (Figure 3.8b). In other words, BDPD particles serve as a liquid phase surround-
ing the solid particles in the slurry phase, which results in the relative distribution
of NiO and 8YSZ particles being the main object investigated in the slurry stage. By
contrast, in the drying stage, BDPD particles tend to cluster after solvent removal to
function as binder bridges, which enables stronger particle bonds as well as a higher
level of stiffness. Hence, BDPD was taken into consideration along with NiO and 8YSZ
particles during the drying stage. Overall, RDFs indicate consistency during the mi-
crostructural evolution in both slurry and drying steps. The RDF curves for each type
of particle interaction are nearly identical regarding different microstructures within
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Figure 3.10. Pair-wise RDFs for the dried microstructures corresponding to their slurry mi-
crostructures with respect to all cases: (a) All particle pairs, (b) NiO-8YSZ, (c) NiO-NiO, and
(d) 8YSZ-8YSZ. RDFs of the dried microstructures demonstrate a stable particle configura-
tion, characterised by distinct primary peaks that gradually decay to g (r) = 1 beyond radial
distances of approximately 2.5 µm, which demonstrates transition to homogeneous particle
distributions at longer distance. In general, RDFs reveal significant differences between the
slurry and dried microstructures, highlighting structural changes in particle distribution as the
system transitions from the slurry phase to the drying phase.

each phase. Nevertheless, the differences between RDFs are smaller in the drying
phase. This explains the difference in NiO and 8YSZ particle distribution between the
slurry and drying phases. Furthermore, the consistency shown by RDFs also ensures
the confidence of the DEM model regardless of the initial particle configurations or
model size, which supports the reproducibility and reliability of the DEM model.

To further characterise the dried microstructure, I analysed the simulated thick
dried microstructure (90 µm in thickness, composed of 226 568 particles). The vol-
ume fraction for each material phase in z-axis (i.e. along the thickness) is shown in
Figure 3.11. Overall, Figure 3.11 illustrates a consistent trend of the volume fraction
distribution of all material phases, which is critical for fabricating the green tape.
Specifically, NiO and 8YSZ occupy the majority of the volume fraction of the dried mi-
crostructure. While the volume fraction of NiO decreases, the volume fraction of 8YSZ
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Figure 3.11. Volume fraction evolutions of NiO, 8YSZ, BDPD and pores along the thickness of
the dried substrate microstructure.

increases along the thickness from bottom to top of the dried microstructure. This
demonstrates the interaction between the NiO and 8YSZ particles during the forma-
tion of the dried microstructure. The trend for the volume fraction distribution of the
BDPD phase reflects an homogeneous distribution of binders and additives through-
out the dried microstructure. The volume fraction of the pores remains low along
the thickness of the dried microstructure. Figure 3.12 demonstrates cross-sectional
views of the dried microstructure of the fuel-electrode support obtained from the
DEM simulation at various depths. Specifically, the cross section of the dried mi-
crostructure was extracted along the thickness direction after voxelising the 3D dried
microstructure of the simulated support by using an in-house Python script. It is clear
that the cross-sectional microstructures show that the phases, including NiO (green),
8YSZ (yellow), BDPD (dark purple), and pore (dark blue), are well-distributed within
the examined slices, which aligns with the distribution of the volume fraction of each
phase. Moreover, the cross-sectional views show the tight arrangement of the parti-
cles within the examined slices. These cross-sectional views indicates the correlations
between NiO and 8YSZ particles along the thickness of the dried microstructure. The
cross-sectional views also demonstrate the role of BDPD as the binder bridges for the
NiO and 8YSZ particles as already discussed above. These characterisations of phases
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(c) Slice at z = 60 µm
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Figure 3.12. Cross-sectional views of the dried microstructure (90 µm in thickness) resulting
from the simulation, shown in the xy plane (i.e. along the thickness direction), at various
depths: (a) Slice at z = 10 µm, (b) Slice at z = 30 µm, (c) Slice at z = 60 µm, and (d) Slice at
z = 80 µm. Each color represents a different phase, namely NiO, 8YSZ, BDPD, and pore. (e)
3D volume showing slicing positions, providing an overview of the simulated volume and the
planes where the cross-sections (a–d) were taken.

in the examined simulated dried microstructure are also affirmed by calculating the
coordination number to provide an idea of particle packing and connectivity after
solvent evaporation in the tape-casting process (Figure 3.13). Indeed, Figures 3.13a and
3.13b show strong spatial correlations between the coordination number of NiO and
that of 8YSZ. This implies NiO and 8YSZ particles were well-mixed during the slurry
preparation and remained uniformly distributed after drying, which is an important
characteristic for ensuring mechanical stability as well as enhancing connectivity in
the final microstructure for the next manufacturing step, the sintering process. Mean-
while, the coordination number of BDPD exhibits a uniform distribution along the
microstructure (Figures 3.13c and 3.13f). The high values (i.e. orange or red) cor-
respond to tight particle arrangement in the examined area due to the presence of
the binder phase (BDPD). Furthermore, BDPD forms a network connected along the
microstructure reflecting the role of BDPD in supporting the connection between par-
ticles, which is of the utmost importance in the formation of a stable microstructure.
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(a) Coordination number of NiO (with all particles) (b) Coordination number of 8YSZ (with all particles)

(c) Coordination number of BDPD (with all particles) (d) Coordination number of NiO-NiO particles

(e) Coordination number of 8YSZ-8YSZ particles (f) Coordination number of BDPD-BDPD particles

Figure 3.13. Coordination number of particles in the dried microstructure. The colour code
exhibits the reference particles, such as (a) NiO, (b) 8YSZ, (c) BDPD. The rest of particles in
contact with the reference particles are shown in grey. The colour zone exhibits only the
reference particles in contact wth each other, such as (d) NiO-NiO particles, (e) 8YSZ-8YSZ
particles, (f) BDPD-BDPD particles.

Besides, a Pore Network Model (PNM) is shown in Figure 3.14. To investigate the pore
structures as well as their distribution, the diverse shapes of pores are approximated
as spheres for simplification by using the Avizo software (Thermo Fisher Scientific)
[124]. Specifically, Figure 3.14 illustrates the distribution of pores along the thickness
of the calculated microstructure of the green tape. PNM shows that the size of the
pores in the simulated microstructure ranges between 0 µm and 2.5 µm. Along the
microstructure, there is a homogeneous distribution of pores, where each pore is ap-
proximately 2 µm in size. Meanwhile, larger pores are located closer to the central
section of the simulated green tape. A well-optimised pore arrangement in the dried
microstructure of the fuel-electrode support in FESCs facilitates the formation of a
favourable microstructure after the sintering process. This helps to ensure efficient
gas transport, a high density of triple-phase boundaries, and improved fuel utilisa-
tion. It also contributes to mechanical robustness during sintering, which is critical
for long-term cell performance.

SEM and tomography characterisations can provide valuable insights into the green
tape microstructure of the fuel-electrode support, yet their application at this early
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2.5 µm

0 µm

Figure 3.14. Pore Network Model of the dried microstructure for the SOC support, illustrating
the pore distribution and size throughout the dried microstructure. The colour bar indicates
equivalent pore diameters, while the throaths indicate the pore interconnections.

stage is often limited due to technical constraints. The model provides a valuable first
step in visualising features that are difficult to observe through experimental imaging,
particularly the distribution of materials with low imaging contrast. It therefore serves
as a useful complement to direct imaging and supports an integrated modelling and
experimental approach for gaining deeper insights into how manufacturing processes
influence material distribution and final properties. Besides, the DEM-generated dried
microstructure, representing the green body of the fuel-electrode support, can also
serve as the starting point for multiscale modelling. Specifically, it can be used as input
for a phase-field model to simulate sintering. The resulting sintered microstructures
can then be employed in subsequent performance-oriented simulations (e.g., Lattice
Boltzmann method, pore network modelling) or thermo-mechanical durability studies
(e.g., finite element analysis).
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3.4 Conclusions and perspectives

In this chapter, a physics-based computational workflow, based upon DEM framework
from ARTISTIC research initiative, to simulate the tape casting process of a SOC fuel-
electrode support made of NiO/8YSZ cermet is presented for the first time. The DEM
model was calibrated with in-house experimental data, such as the slurry density, the
viscosity of the slurry, the density and the porosity of the green tape so as to reproduce
the experimental conditions as closely as possible. This model describes two main
stages in the tape casting process of the fuel-electrode support, namely the slurry
casting and its drying. The performed DEM simulations allow linking each step of
the tape-casting process to the 3D-resolved microstructure of the support, by verifying
its properties for good agreement with experimental data. This allows for an efficient
and more physics-based approach than those based upon stochastic generation of
microstructures. A homogeneous distribution of all materials throughout the dried
microstructure was observed from the simulation, which is expected to happen in
practice before the heat treatment of the green tape.

The model employs a homogeneous drying assumption for the BDPD particles,
which is a simplification of the actual drying behaviour. While this represents an
approximation, it is sufficient in the context of this proof-of-concept study to capture
the main trends of the tape casting and drying processes. The debinding and sintering
of the materials helps control the porosity and avoid undesirable pore clustering after
the sintering process. These processes, not considered in this first modelling proof of
concept, enhance both the mechanical performance and electrochemical properties of
the support [125].

The work reported herein further exhibits that the ARTISTIC workflow can be ap-
plied not only to batteries but also to other technologies such as SOCs. Nevertheless,
the ARTISTIC framework can be extended to also simulate properties involved in other
processing steps of SOC supports as well as functional layers, such as the sintering
process. It is useful, as a future perspective, to complement the present findings with
supplementary imaging characterisation to provide better insights related to material
processing/performance coupling. Even though this DEM model has some limita-
tions due to its assumptions (e.g. consideration of spherical particles), it provides,
to the best of my knowledge, the most complete computational approach to connect
manufacturing with the microstructure properties. It also remains particularly well
suited to investigate, from a physical perspective, the tape casting process. By us-
ing this experimentally validated computational workflow, numerous combinations of
the manufacturing parameters may be researched to inspect quickly the material pro-
cessability before performing the experimental fabrication. This results in a powerful
computational approach for the generation, with physics background, of component
microstructures utilised in a wide spectrum of energy conversion applications.
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4
A hybrid surrogate modelling
of the slurry in the substrate
manufacturing for solid oxide
cells by coupling physics-based
simulation and deep learning

This chapter discusses a hybrid surrogate modelling framework to simulate the solvent-
based slurry of the fuel-electrode substrate. The study aims to develop a more com-
putationally efficient surrogate approach for the slurry simulation pertaining to SOC
manufacturing by integrating the DL and DEM modelling framework. As a proof of
concept, various slurry microstructures were generated using the DEM framework in
Chapter 3 with a set of FFs and a specific formulation. This work specifically employs
a modified VGG16 architecture to predict slurry microstructure from DEM simulations,
leveraging its deep hierarchical feature learning for complex pattern recognition in
material structures.

4.1 Introduction

Building upon the DEM framework within ARTISTIC project introduced in Chapter 3,
the DEM model allows the generation of the slurry microstructures at the mesoscale
by using FFs to characterise the physicochemical interaction between pairs of mate-
rial particles in the equilibrated casting slurry. Nonetheless, mesoscale computational
simulation of the slurry still requires faster preprocessing processes to save compu-
tational cost. The rapid progress in high-performance computing and AI provides
powerful tools for computational research on SOCs [126, 127, 128]. In this context, ML

37



Chapter 4. Hybrid Modelling of Substrate Slurry

and, more recently, DL techniques have been increasingly employed to complement
physics-based simulations, particularly when dealing with high-dimensional and spa-
tially correlated data [129, 130]. Among these, Convolutional Neural Networks (CNNs)
have emerged as one of the most effective architectures for capturing spatial features,
which makes them especially suitable for modelling complex microstructures.

A CNN, also known as a ConvNet, is a type of artificial neural network widely used
in traditional computer vision tasks, for instance, video analysis, image classification
[131, 132], object localisation, object detection [133, 134], and image segmentation [135].
Overall, CNNs are frequently composed of multiple convolutional layers, certain fully
connected layers, and a classification softmax layer that uses, for example, a cross-
entropy loss. In addition to classification, CNNs are used to cope with regression
problems, resulting in a linear activation function, also known as “no activation”, or
“identity function” used with a last fully connected regression layer in lieu of the soft-
max layer [136]. Furthermore, since the 3D-slurry microstructure is typically similar
to a specialised type of grid structure, CNNs are advanced approaches for analysing
the slurry microstructure from the DEM model. Consequently, the equilibrated mi-
crostructure modelled by DEM is obtained faster after several timesteps in place of
running the whole DEM simulation, allowing to lower computational costs.

In this chapter, a hybrid surrogate model coupling DL and DEM is proposed to
accelerate the simulation of the slurry phase in the substrate fabrication of fuel-
electrode supported SOCs. The workflow is shown in Figure 4.1. As a proof of concept,
the study focused on a specific formulation (52 % of NiO, 35 % of 8YSZ, and 13 %
of BDPD) to generate the slurry dataset used to train the DL model. The set of FFs
used for data generation is provided in Table B.1 in Appendix B. The DL model is
trained using physics-based data of the slurry microstructure generated from DEM
simulation based upon the ARTISTIC framework [137]. Specifically, CNN model was
employed with a slightly altered architecture to predict a pseudo microstructure of the
slurry. This pseudo microstructure was processed to obtain a predicted microstructure.
After that, the 3D predicted microstructure was run for a few timesteps using DEM
to make the particle relaxation in the simulated slurry, which enables the final slurry
microstructure to be more stable. Model validation was conducted using a dual-
metric strategy, incorporating both a direct data-based comparison and an assessment
derived from microstructure functional analysis. Significantly, this hybrid framework,
DL-DEM, offers a major advantage by drastically reducing the computational time
required for conventional DEM drying simulations without compromising the integrity
of the results.

4.2 Methodologies

4.2.1 Data Generation

The dataset used in this study was generated using the previously reported physics-
based manufacturing modelling workflow for the fuel-electrode substrate (Chapter

38



4.2. Methodologies

Discrete Element Method (DEM) & Deep Learning (DL) Framework 

Substrate Slurry Formulation

NiO/8YSZ/BDPD: 52/35/13 

DEM Simulation

Deep Learning model

Microstructure Metrics

Figure 4.1. Schematic representation of the hybrid surrogate model for 3D slurry microstruc-
ture prediction of the fuel-electrode substrate. The workflow integrates DEM simulations
(grey arrows) and the DL (red arrows) at the slurry preparation stage. The equilibrated slurry
obtained from the hybrid model was compared with the target slurry from the pure DEM
simulation.

3). This workflow employs the DEM to sequentially simulate slurry formation and
subsequent drying, yielding distinct 3D mesoscale microstructures at each stage. The
physicochemical properties of the casting slurry are described using a combination
of LJFF and GHFF (see Equations (3.3)–(3.3)). The LJFF approximates the nonbonded
interaction between particles within the simulation box, while the GHFF governs the
mechanical properties of the contacting particles.

In the present study, a dataset of slurry microstructures is constructed to train
the DL model for predicting the final microstructure. Synthetic slurry microstructures
for DL model training were generated using the DEM framework, producing 3D mi-
crostructures of casting slurries with various thicknesses and sizes. Slurry thickness
was controlled by adjusting the material quantity, resulting in a higher number of par-
ticles within the simulation box. Consequently, computational time depended upon
slurry volume, with larger volumes requiring longer simulation durations.

It is worth mentioning that a single formulation (52% of NiO, 35% of 8YSZ, and 13%
of BDPD) and an unique FF set were employed for data generation, allowing multiple
microstructures to remain physically consistent and representative of a well-defined
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system. This allows the dataset to capture intra-system variability arising from random
particle packing, simulation box scaling, and process conditions, while maintaining a
consistent physical framework for the slurry system. The approach is suitable for a
proof-of-concept study aimed at validating the proposed hybrid workflow, quantifying
its computational benefits, and evaluating its predictive capability.

A total of 15 simulations of solvent-based slurry were conducted on the MatriCS
High Performance Computing platform at the Université de Picardie Jules Verne (Amiens,
France), using one node per simulation equipped with 128 GB of RAM and 2 proces-
sors (Intel® Xeon® CPU E5-2680 v4 @ 2.40 GHz, 28 cores) [117]. Eight simulations were
randomly used for model training and validation, while the remaining were reserved
for testing. All simulations reached equilibrium after six million timesteps, with each
timestep corresponding to 0.0001 microseconds. Since frames are generated every
fifty thousand timesteps, each simulation produced 121 frames once the slurry mi-
crostructure equilibrated at the timesteps of 6 000 000 (Table 4.1). Further details on
initial particle configurations, particle size distributions, and simulation parameters
are available in the previous chapter. All information about slurry microstructures
generated by the DEM framework can be found in Appendix B (Tables B.2 and B.3).

Table 4.1. Summary of the simulation configuration for data generation.

Parameters per
simulation

Slurry simulation Description

Timestep (µs) 0.0001 ∆t to update the positions

Total steps 6 000 000 Total number of iterations

Simulation time
(µs)

600 Total duration of the simulation

Frames storage
interval

50 000
Steps at which coordinates are

recorded

Total number of
frames

121
Coordinates are printed at specified

frame storage interval

Wall time (hrs.) 20.5
Total DEM simulation time. This
depends upon computational

resources available.

4.2.2 Data preprocessing

In the DEM simulation, PBCs are applied in all three Cartesian directions, allowing
particles to exit the simulation box on one side and re-enter from the opposite side.
This presents a significant challenge for the model to learn particle behaviour near the
simulation boundaries, where interactions may occur across the periodic edges. To ad-
dress this limitation, unwrapped coordinates (i.e. the raw positions of particles without

40



4.2. Methodologies

any the effect of periodic boundary conditions, showing the continuous trajectory of a
particle) were used for model training instead of wrapped coordinates. This approach
enabled the model to more accurately capture particle trajectories, whereas wrapped
coordinates provided only relative positions within the simulation box, making it more
difficult for the DL model to learn consistent particle motions. Without loss of gen-
erality, relevant particle information is extracted from LAMMPS dump files, including
particle types, radii, unwrapped coordinates, and coordination numbers. These data
are then structured into a matrix format for model training.

A matrix storing the data of all particles from the i-th simulation for i = 1, · · · , 8
is written as

Xi =



Xi,1

Xi,2

...

Xi,N−1

Xi,N


, (4.1)

where Xi,j is matrices containing the j-th particle information corresponding to the
i-th simulation for j = 1, · · · , N and expressed as

Xi,j =


ti,j1 ri,j1 uxi,j

1 uyi,j1 uzi,j1 ci,j1
ti,j2 ri,j2 uxi,j

2 uyi,j2 uzi,j2 ci,j2
ti,j3 ri,j3 uxi,j

3 uyi,j3 uzi,j3 ci,j3
ti,j4 ri,j4 uxi,j

4 uyi,j4 uzi,j4 ci,j4

, (4.2)

where ti,jk , ri,jk , uxi,j
k , uyi,jk , uzi,jk , and ci,jk represent the particle types, radii, unwrapped

coordinates and coordination number values, respectively, corresponding to k-th frame
for k = 1, · · · , 4.

Consequently, a matrix which collects the particle information from the slurry-
phase simulation is expressed as follows:

X =



X1

X2

X3

X4

X5

X6

X7

X8


. (4.3)
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Similarly, the output is the unwrapped coordinates of the particles, which means
the particle position without any periodic transformation in the equilibrated mi-
crostructures, as described earlier. These coordinates are presented as

Y =



Y1

Y2

Y3

Y4

Y5

Y6

Y7

Y8


, (4.4)

where

Yi =



Yi,1

Yi,2

...

Yi,N−1

Yi,N


, (4.5)

in which

Yi,1 =



uxi,1 uyi,1 uzi,1

uxi,2 uyi,2 uzi,2
...

...
...

uxi,N−1 uyi,N−1 uzi,N−1

uxi,N uyi,N uzi,N


, (4.6)

where the subscripts, i and N , symbolise the i-th simulation and the number of
particles, respectively.

The entire dataset was randomly split into training and validation subsets con-
taining 80% and 20% of the whole dataset, respectively. The training set was used to
train the model, while the validation set was utilised to fine-tune the hyperparameters
and prevent overfitting. Unseen data from new simulations was used to evaluate the
model’s generalisation capability.
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4.2.3 Modified VGG16 model

VGG16, a well-known CNN architecture proposed by Karen Simonyan and Andrew
Zisserman, was originally designed for image classification tasks [138]. The model typ-
ically comprises sixteen layers, including thirteen convolutional layers and three fully
connected layers. In fact, the full architecture contains twenty-one layers, including
the five max-pooling layers. Nevertheless, the model is referred to as VGG16 because
it contains only sixteen weight layers. Although the VGG16 architecture was primarily
designed for image classification, this model can be altered for regression tasks.

In this study, the particle dataset is represented as a structured matrix of par-
ticle features, exhibiting a grid-like topology suitable for one-dimensional (1D) CNN
architectures. By reshaping the original VGG16 architecture to suit a 1D regression
task, the VGG16 spatial hierarchy can be effectively leveraged for the particle dataset.
Specifically, 2D convolutional layers (Conv2D) are replaced with 1D convolutional lay-
ers (Conv1D), resulting in the internal modification of convolutional layers such as the
number of kernel size. The pooling layer must also be adapted to maintain the con-
sistency of the VGG16-based architecture. In particular, the max-pooling layer remains
applicable, provided it operates in a manner compatible with the 1D feature sequence.
Besides, the final fully connected layer is modified to perform regression instead of
classification. Table 4.2 shows the architecture of the modified VGG16 model for re-
gression tasks, adapted from the standard VGG16 implementation in Keras. The “None”
in the output shape refers to a flexible batch size dimension, as per TensorFlow/Keras
conventions [139, 140].

The loss function and evaluation metrics used during model training to quantify
the average difference between target and predicted values were the mean squared
error (MSE) and mean absolute error (MAE), respectively. The loss function was used
to optimise the model’s hyperparameters, while the evaluation metrics were used to
assess the model’s performance after training. Lower MSE and MAE values demon-
strate that the model’s predictions are closer to the ground truth. These metrics are
defined as follows:

MSE =
1

N

N∑
i=1

(
Y i − Ŷ i

)2

, (4.7)

and

MAE =
1

N

N∑
i=1

∣∣∣Y i − Ŷ i

∣∣∣ , (4.8)

where N is the number of particles, Y i represents the unwrapped coordinates of the
ith particle, and Ŷ i is the predicted unwrapped coordinates of the ith particle.

To evaluate the DL model performance, the coefficient of determination (R2) was
used on completely unseen dataset. This metric indicates the proportion of the total
variance in the dependent variable that is explained by the model, with values closer
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to 1 representing better predictive performance. The coefficient of determination is
defined as

R2 = 1−

∑N
i=1

(
Y i − Ŷ i

)2

∑N
i=1

(
Y i − Ȳ

)2 , (4.9)

where Ȳ is the mean of the unwrapped coordinate.

Table 4.2. Summary of the modified 1D VGG16 architecture for the DL model,
adapted from the original 2D VGG16. The network comprises sequential convo-
lutional blocks, followed by a flattening layer and fully connected dense layers.
The final fully connected dense layer produces three regression outputs. “None”
denotes a placeholder, indicating that the network can process multiple samples
per gradient update.

Layer Output shape Parameter no.

Conv1D (None; 4; 64) 1 216

Conv1D (None; 4; 64) 12 352

MaxPooling1D (None; 2; 64) 0

Conv1D (None; 2; 128) 24 704

Conv1D (None; 2; 128) 49 280

MaxPooling1D (None; 1; 128) 0

Conv1D (None; 1; 256) 98 560

Conv1D (None; 1; 256) 196 864

Conv1D (None; 1; 256) 196 864

MaxPooling1D (None; 1; 256) 0

Conv1D (None; 1; 512) 393 728

Conv1D (None; 1; 512) 786 944

Conv1D (None; 1; 512) 786 944

MaxPooling1D (None; 1; 512) 0

Conv1D (None; 1; 512) 786 944

Conv1D (None; 1; 512) 786 944

Conv1D (None; 1; 512) 786 944

MaxPooling1D (None; 1; 512) 0

Flatten (None; 512) 0

Dense (None; 4 096) 2 101 248

Dense (None; 4 096) 16 781 312

Dense (None; 3) 12 291

Total 23 803 139
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The Open Visualization Tool (OVITO) package was used for the visualisation of
all 3D microstructures [141], including both target and predicted structures, for visual
comparison.

4.2.4 Slurry microstructure post-processing framework

The proposed framework combines the DL approach already described above with
DEM simulations to model the slurry microstructures. The DL model was first trained
on four initial slurry-microstructure frames corresponding to the timesteps 350 000,
400 000, 450 000, and 500 000. After training, the DL model predicted the pseudo
microstructure representing the slurry frame at the timestep 6 000 000, expressed in
unwrapped particle coordinates. Then, this pseudo microstructure was wrapped with
PBCs to obtain the predicted one using the OVITO package and used as the initial
configuration for a fixed number of DEM simulation steps. These DEM simulations
enable the system to relax physically, removing unphysical particle displacements
which can arise from the particle wrapping process. The resulting output from this
procedure is a physically refined slurry microstructure (our final slurry microstructure)
(Figure 4.1).

The incorporation of DEM steps is of the utmost importance in ensuring the
resulting particle configurations better reflect realistic behaviours by enforcing physical
constraints to mitigate the potential unphysical jumps of particles during the PBC
wrapping process. Overall, this integration of DEM into the predictive framework not
only enhances the physical consistency of the slurry microstructures but also improves
the reliability and accuracy of the modelling outcomes.

4.3 Results and discussion

4.3.1 Modified VGG16 performance

The modified VGG16 model was fine-tuned with different sets of hyperparameters.
The best configuration was trained for 1000 epochs with a batch size of 500, using the
Adamax optimiser with a learning rate of 0.0001. Further details of the selected hyper-
parameters are provided in Appendix B (Table B.4). Figure 4.2 illustrates the evolution
of both MSE and MAE for the training and validation sets over the epochs during
the training of the modified VGG16 model. During training, both MSE (loss, Figure
4.2a) and MAE (error, Figure 4.2b) curves for the training and validation sets stabilised
and converged, indicating that the CNN (the modified VGG16) learned effectively. The
close alignment between the training and validation curves for both metrics further
suggests that the model generalised well to unseen data and avoided overfitting.

The performance of the modified VGG16 model was evaluated by comparing the
predicted and target values along the X, Y, and Z axes individually. Figure 4.3 illustrates
the predicted versus target values for each axis with respect to Slurry 1 (see Table B.3 in
Appendix B). In all cases, the predictions lie almost perfectly along the ideal prediction
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Figure 4.2. (a) Mean square error and (b) Mean absolute error curves showing the evolution
of training and validation performance during training of the modified VGG16 CNN. The close
alignment and convergence indicate effective learning and good generalisation.

line, suggesting extremely low error across all spatial directions. Furthermore, for each
axis, the coefficient of determination R2 was calculated to quantify how well the
model predictions matched the ground truth. The resulting R2 values were 0.994 for
X, 0.994 for Y, and 0.999 for Z, indicating a very strong correlation between predicted
and true values with an average R2 of 0.996 for an unseen slurry dataset. These
results demonstrate that the model not only predicted the overall trend of the data
but also maintains high accuracy at the individual-axis level, providing confidence in
its generalisation capability. The high R2 values and the close alignment of predictions
with target values indicate robust performance of the model in reconstructing multi-
dimensional outputs.

4.3.2 Microstructure analysis for comparing hybrid approach

4.3.2.1 Visual comparisons

A visual comparison of the slurry microstructures was performed using OVITO. The
target microstructure was generated directly using the physics-based simulation ap-
proach, while the predicted microstructure was obtained using the modified VGG16
model. For the equilibrated, the predicted microstructure was fed back into the DEM
simulation framework to undergo an equilibration step, here referred as equilibrated
microstructure (Figure 4.4). This step is crucial, as it uses the strengths of the physics-
based model to refine and stabilise the structure [142, 143, 144]. The wall time of
the whole process, including DL and DEM, is approximately 30 minutes, depending
upon the simulated slurry volume. As shown in Figure 4.4, the three microstructures
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Figure 4.3. Target versus predicted plot along the X, Y, and Z axes for the modified VGG16
model validating the training performance. The high R2 scores and the close alignment
between predicted and target data points around the ideal prediction line indicate extremely
low error and strong agreement between predictions and ground truth.

appear visually different, which is expected because the applied DL approach is data-
driven. For this, measurements of density and volume were performed to compare
the microstructure. As can be observed in Table 4.3, for microstructures 2 and 3, the
DL-DEM model closely matches DEM predictions, indicating strong baseline predictive
accuracy.
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Figure 4.4. Unseen Slurry microstructure along with thickness comparison.

Table 4.3. Comparison of density and volume for different unseen slurry
microstructures.

Slurry Model Density
[
g/cm3

]
Volume

[
µm3

]
Microstructure 2

DEM 2.2430 4 081

DL-DEM 2.2169 4 129

Microstructure 3
DEM 2.2415 4 091

DL-DEM 2.2486 4 078

Microstructure 4
DEM 2.2422 8 096

DL-DEM 2.3810 7 624

Microstructure 5
DEM 2.2419 8 126

DL-DEM 2.3870 7 632

Microstructure 6
DEM 2.2437 20 390

DL-DEM 2.7822 16 443

Microstructure 7
DEM 2.2406 16 360

DL-DEM 2.2799 16 087

As microstructural thickness increases, the hybrid model adapts its predictions but
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begins to show noticeable deviations, particularly in Microstructure 6, where the den-
sity prediction increases to 2.7822 g/cm3 compared to the DEM estimate of 2.2437
g/cm3. These deviations can be attributed to the random fitting of particles during
simulation, which introduces natural variation in particle counts, size distributions,
and packing arrangements across microstructures. Such variability becomes more
pronounced in larger and more complex systems, leading to higher prediction differ-
ences. For instance, in Microstructure 6, the hybrid model deviated by approximately
23.6% compared to other microstructures within the same complexity regime.

Despite these differences, the overall performance of the DL-DEM framework re-
mains robust. Across all microstructures, the mean absolute difference in density was
approximately 0.15 g/cm3, with a maximum deviation of 0.54 g/cm3 observed in
the most complex case. Volume predictions followed similar trends, remaining within
physically plausible ranges and reflecting changes in microstructural complexity. This
stability indicates that the modified VGG16-based hybrid model demonstrates good
generalisability across diverse microstructures without the need for modifying the NN
architecture further.

4.3.2.2 Data metrics and physics-based analysis

4.3.2.2.1 Data metrics

To evaluate the predictive performance of the proposed hybrid DL-DEM model, stan-
dard regression metrics were calculated by comparing the predicted and target particle
coordinates for each unseen slurry microstructure (Table 4.4). These metrics include
the MSE and MAE, which quantify the magnitude of positional differences, and the
coefficient of determination (R2), which assesses how well the predicted data captures
the variability present in the target data.

Table 4.4. Performance metrics (MSE, MAE, and R2) for the hybrid DL-DEM model across
unseen slurry microstructures.

Unseen Slurry
Microstructure

MSE
Target vs Predicted

MAE
Target vs Predicted

R2

Target vs Predicted

Slurry 2 0.068 0.178 0.996

Slurry 3 0.060 0.165 0.996

Slurry 4 0.165 0.316 0.995

Slurry 5 0.152 0.305 0.995

Slurry 6 0.199 0.348 0.996

Slurry 7 0.094 0.226 0.998

Across all microstructures, the results show consistently low error values, with MSE
ranging from 0.060 to 0.199 and MAE from 0.165 to 0.348. The lowest errors were
observed for Slurry 2 and Slurry 3 (MSE = 0.060–0.068; MAE = 0.165–0.178), while
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slightly higher values were noted for Slurry 4–6. These low errors indicate that the
predicted particle positions are very close to the target positions. Furthermore, the
R² values remain exceptionally high (0.995–0.998) across all cases, demonstrating that
the hybrid model effectively preserves the variability and overall distribution of the
target coordinates.

In addition to the quantitative metrics, the predicted particle coordinates were
plotted against the target coordinates for all axes (X, Y, and Z) across each microstruc-
ture (Figure 4.5). The scatter plots demonstrate that the predicted points lie very close
to the best-fitting line, indicating excellent agreement between the predicted and tar-
get coordinates. This visual confirmation supports the earlier data metric analysis,
showing that the model accurately predicts particle positions across all spatial dimen-
sions and for all microstructures. While this demonstrates numerical accuracy, the
structural fidelity of the predicted microstructures will be further assessed using RDF
analysis in the following part.

(a) Slurry 2

(b) Slurry 3

(c) Slurry 4
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(d) Slurry 5

(e) Slurry 6

(f) Slurry 7

Figure 4.5. Target vs. predicted plot across different unseen slurry microstructures: (a) Slurry
2, (b) Slurry 3, (c) Slurry 4, (d) Slurry 5, (e) Slurry 6, and (f) Slurry 7 along the X, Y, and Z axes,
where the ideal fit represents a perfect correlation between predicted and true values (particle
coordinates).

4.3.2.2.2 Radial Distribution analysis

While the correlation plot (Figure 4.5) confirmed good agreement between predicted
and target microstructural coordinates, the RDF was computed for both the equili-
brated and the physics-based microstructures. The RDF was calculated separately for
each particle type combination (BDPD-NiO-8YSZ and NiO-8YSZ). Because the spatial
scales and interaction ranges vary between these combinations, the bin size/histogram
resolution (∆r) and maximum cutoff distance (rmax) were adjusted to accurately cap-
ture both local and medium-range structural features. The respective RDF curves and
specific parameters used are provided in the caption of Figure 4.6.
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Figure 4.6. Pair-wise RDFs comparing target and equilibrated microstructures of the unseen
slurry microstructures: (a) Slurry 2: All particle pairs, (b) Slurry 2: NiO-8YSZ, (c) Slurry 3: All
particle pairs, (d) Slurry 3: NiO-8YSZ, (e) Slurry 4: All particle pairs, (f) Slurry 4: NiO-8YSZ,
(g) Slurry 5: All particle pairs, (h) Slurry 5: NiO-8YSZ, (i) Slurry 6: All particle pairs, (j) Slurry
6: NiO-8YSZ, (k) Slurry 7: All particle pairs, and (l) Slurry 7: NiO-8YSZ. The cutoff radius
used for the RDF calculation is rc = 7 µm, and the histogram resolution is ∆r = 0.0583,
corresponding to 120 bins.

Regarding RDF of all particle pairs (BDPD-NiO-8YSZ), (Figures 4.6a, 4.6c, 4.6e, 4.6g,
4.6i, and 4.6k), it can be observed that the equilibrated microstructure shows peaks
for the first and subsequent nearest neighbors that align very well with the target
in the cases of slurries 2, 3, 4, 5, and 7, suggesting that the hybrid approach (DL-
DEM) accurately reproduces the local structural arrangement of these formulations.
However, in the case of slurry 6, the RDF of the equilibrated microstructure follows the
same overall trend but is slightly left-shifted, indicating that the average interparticle
distances are smaller, which may be due to higher local packing density or differences
in particle interactions for this formulation.

Since BDPD is present in abundance, it can significantly influence the overall
microstructure. To isolate the effect of the remaining components, the RDF of NiO-
8YSZ was also compared separately (Figures 4.6b, 4.6d, 4.6f, 4.6h, 4.6j, and 4.6l). A
similar trend was observed across slurries 2, 3, 4, 5, and 7, where the peaks of the
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equilibrated microstructure align well with the target. However, in the case of slurry 6,
although the overall trend is maintained, the peak of the equilibrated microstructure
is lower than that of the target, indicating a slightly reduced local ordering or weaker
correlations between NiO and 8YSZ particles in this formulation.

Overall, the RDF analysis demonstrates that the predicted microstructures obtained
using the hybrid approach (DL-DEM) reliably reproduce the local and intermediate
structural arrangements of the target microstructures across most slurries. The close
alignment of peaks for both BDPD-NiO-8YSZ and NiO-8YSZ, except for minor devi-
ations in slurry 6, confirms the accuracy and robustness of the hybrid method in
capturing realistic particle distributions and correlations.

4.4 Conclusions and Perspectives

This chapter developed a hybrid surrogate modelling framework that integrates DL
with physics-based DEM simulations to overcome the high computational cost typically
associated with repeated DEM runs and FF fitting. By training the modified VGG16
network on microstructural data from DEM simulations of the slurry preparation for
the tape casting, the proposed hybrid model could predict final slurry microstructures
efficiently. These predictions were subsequently equilibrated using DEM to ensure
physical realism, creating a framework that leverages the strengths of both data-driven
and physics-based approaches.

The hybrid approach demonstrated strong predictive accuracy across multiple
slurry microstructures, as confirmed by low error metrics and RDF analyses. Minor de-
viations observed for certain slurry microstructures, such as thicker slurries, highlight
potential areas for further refinement, but overall, the framework reliably captures local
and intermediate structural arrangements. This methodology significantly accelerates
validation and optimisation tasks that would otherwise rely solely on computationally
intensive DEM simulations. By bridging experimental data, as presented in Chapter
3, physics-based simulations and data-driven methods, the hybrid approach provides
a scalable and efficient strategy for modelling SOC slurry processing, representing a
step forward toward practical, high-throughput experimentally validated digital models
for future research. A natural extension of this approach will be on its application to
drying, as recently demonstrated by Prof. Alejandro A. Franco’s group [144].
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5
Data-driven machine learning
modelling for fuel electrode

support manufacturing

This chapter studies a data-based approach to the manufacturing of the fuel-electrode
substrate. Conventional SOC fabrication routes are resource-intensive and often rely
on industry/R&D unpublished knowledge and trial-and-error practices to achieve the
desired tape properties. Data-driven methods offer the potential to reveal quantita-
tive relationships between manufacturing parameters and microstructural outcomes,
thereby supporting process optimisation and scale-up. The following sections present
the workflow and key results obtained in this study.

5.1 Introduction

Tape casting is a well-known fabrication technique to produce thin ceramic sheets
from ceramic slurry [75, 145, 146]. Since tape casting is potentially cost-efficient for
mass production, this technique is preferable to produce SOC components [72, 147,
148]. To produce a high-quality green tape of the cermet-based substrate, traditional
optimisation commonly relies on trial-and-error [78, 79, 80], leading to significantly
substantial resource and time expenditure. The precise control of green tape thickness
is crucial for governing the properties of the final tape-cast product [149, 150]. In this
regard, predicting the thickness and density of the tape obtained after drying is of the
utmost importance in supporting the optimisation of the tape casting process. Never-
theless, the manufacturing process for the fuel-electrode support necessitates careful
control over numerous relevant parameters such as temperature, doctor blade gap,
casting speed, humidity, and exhaust air volume flow rate, as these directly influence
the resulting green tape properties, indirectly impacting the tape during subsequent
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heat treatment stages. Such complex relationships are difficult to reproduce by using
physico-chemical models, especially when drying and sintering need to be considered.

Alternatively, machine learning (ML) offers a powerful approach for this predic-
tion task by learning from the data describing the complex manufacturing process,
including tape casting and subsequent heat treatment processes such as sintering and
reduction. This data-driven machine learning surrogate approach can predict a broad
spectrum of material properties without requiring a fundamental understanding of
their underlying chemistry or physics [151, 152]. The application of ML-based tech-
niques has recently achieved remarkable success in various fields of materials and
energy sciences [142, 153, 154, 155, 156, 157, 158, 159, 160], including predicting ma-
terial activity and properties [161, 162, 129], aiding new material discovery [163, 164,
165], driving material design [166, 167, 168], and analysing electrochemical energy de-
vice manufacturing [169, 170, 171, 172, 173]. These successes are achieved through the
high quality of the dataset used in the relevant research. Effective data collection
strategies are, therefore, critical for further advancing these applications, particularly
within the context of data-driven manufacturing of SOCs. To ensure comprehensive
and systematic data management in the present research, the ELN was utilised in this
work. Specifically, eLabFTW [174], a free and open-source electronic lab notebook, was
implemented with a new Application Programming Interface (API) to enhance data
traceability. This integration allows manufacturing parameters, routinely recorded in
the machine’s log files, to be directly and systematically transferred into eLabFTW. his
automated process facilitates comprehensive and structured data management for the
research. By leveraging the data-driven approach combining ML, the tape properties
can be predicted for each fabrication stage in this study. a modular ML approach was
developed to model the complex manufacturing process of the FESC support by train-
ing and evaluating separate predictive models on experimental data. This approach
enables us to independently and accurately assess the predictability of the ML models,
mitigating the forecast error accumulation across each stages [175, 176].

In this work, a data-driven ML modelling framework is proposed to predict tape
properties throughout the fabrication process of the fuel-electrode support, encom-
passing tape casting including drying, sintering, and reduction processes. To the
best of my knowledge, this is the first ML-based data simulation workflow of the
fuel-electrode substrate manufacturing processes so as to predict the thickness and
density of the support at each fabrication stage. The workflow is shown in Figure 5.1,
in which the terms green thickness/density denote the thickness and density of the
sample after drying, and reduced thickness/density refer to the corresponding values
measured after the NiO-to-Ni reduction stage. This study aims to develop a compre-
hensive understanding and predictive capability for the multi-stage fabrication process
of the fuel-electrode supports. By combining rigorous semi-automated data collection
with ML techniques, this novel approach using experimental data provides valuable
insights about the direct influence of manufacturing parameters on the tape thickness
and density throughout the tape casting stage, indirectly impacting the tape during
subsequent sintering and reduction steps.
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Figure 5.1. Schematic workflow of a data-driven machine learning framework for the manufac-
turing process of the fuel-electrode substrate. Firstly, the slurry was prepared, and its viscosity
was measured. Subsequently, the tape casting was performed to collect the data. The green
tape was sintered and reduced after its measurement. Data were collected experimentally and
preprocessed to construct a dataset for the SOC support fabrication process. The dataset was
utilised to train and test different ML models to select the best fitting model and the respective
hyperparameter fine-tuning for each prediction task.

5.2.1 Slurry preparation and rheological measurements

In this study, NiO (Green Nickel Oxide) and 8YSZ (8 mol% white yttria-stabilized
zirconia) were used as the starting materials for the fuel electrode substrate to prepare
the solvent-based slurry. A mixture of NiO and 8YSZ (57 : 43 volume fraction) was
mixed with Ethanol, Methyl ethyl ketone, binders, dispersants, and plasticisers in the
mixer for 10 hours [101]. The ceramic powders, organic materials and solvents used
for the slurry preparation are listed in Table 5.1. The particle size distributions of NiO
and 8YSZ were indistinguishable in the final prepared slurry and determined by d10 =
0.35–0.45 µm, d50 = 0.5–0.7 µm, and d90 = 0.8–1.0 µm. Figure 5.2 further illustrates
the detailed particle size distribution of the ceramic powder mixture in the prepared
slurry.

The rheological behaviour of the slurry was investigated using a rotational rheome-
ter (Physica MCR 301, Anton Paar GmbH, Austria) equipped with a coaxial cylinder
measurement setup (CC27). To characterise the properties of tape casting slurries with
different temperatures, the rheological measurements were conducted at 20 ◦C, 21 ◦C,
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Table 5.1. Raw materials used to prepare the casting slurry.

Material Function Supplier

NiO Powder G. Vogler B.V.

8YSZ Powder Imerys

Ethanol Solvent Merck

Methyl ethyl
ketone

Solvent Merck

Polyvinyl butyral
B-98

Binder Solutia Inc.

Solusolv S-2075 Plasticiser Solutia Inc.

PEG400 Plasticiser Merck

BYK 220 S Dispersant BYK

25 ◦C, and 26 ◦C and fresh slurries were loaded for each experiment so as to ensure
the accuracy of the measurement.

5.2.2 Data acquisition

In order to eliminate variations related to slurry quality, all green tapes were produced
using the same slurry batch according to the consistent procedure on a micro tape-
casting machine (KAROcast 300 − 7, KMS Automation GmbH, Germany). The tape-
casting data were collected from both an automated logging system of the casting
machine through ELN and physical measurements. Specifically, 29 green tapes (300
cm length and 15 cm width) were performed with different manufacturing parameters,
namely temperatures (bewteen 22 and 60 ◦C), doctor blade gaps (200, 300, 400 and
500 µm), casting speeds (2.5, 5, and 7.5 mm/s), humidity (recorded in %) and exhaust
air volume flow rate (automatically regulated in m3/h by the machine based upon
supply and exhaust fan speeds). Nevertheless, it is worth mentioning that owing to
the limitation in control and tracking, humidity was manually recorded at the time
of casting implementation using a hygrometer of the tape-casting device. After the
tape-casting step, at least six circular samples with a diameter of 43.85 mm, as well as
one stripe sample, were punched from each tape in order to evaluate the homogeneity
of the green tape’s thickness disdtribution (Figure 5.3). At least nine thickness values
were measured for each green sample and the respective green density was then
calculated from the weight-to-volume ratio. Subsequently, the green samples were
labelled with their corresponding tape ID numbers to track their evolution throughout
subsequent processes and subjected to pre-sintering at 1230 ◦C for 3 hours to remove
the binder and prepare for the subsequent sintering step. Following pre-sintering,
the samples were sintered at 1400 ◦C for 5 hours, yielding sintered samples with

60



5.2. Materials and methods

10 1 100 101

Particle…Diameter…(m)

0

2

4

6

8

10

12

14

16
q…

(%
)

0

20

40

60

80

100

C
um

ul
at

iv
e:

…
Q

(x
)…

(%
)

Frequency
Cumulative

Figure 5.2. Particle size distribution of both NiO and 8YSZ in the Casting Slurry. The
primary y-axis on the left displays the frequency distribution (q(%)), showing the percentage
of particles within a specific range of diameters. The secondary y-axis on the right-hand side
represents the cumulative distribution (Q(x) (%)), indicating the total percentage of particles
with a diameter smaller than a given size. The particle diameter is plotted on a logarithmic
scale (x-axis, µm).

the desired microstructure and porosity. This second sintering step mimics the co-
sintering of the electrolyte together with the fuel electrode and the substrate in the
typical SOC half-cell manufacturing sequence. Thereafter, the thickness and density
of sintered samples were determined experimentally. Finally, a reduction step was
carried out in an Ar/H2 atmosphere at 900 ◦C for 3 hours to achieve metallic Ni as
for the final functional properties, followed by the experimental determination of the
reduced samples’ thickness and density.

5.2.3 Correlation Analysis

Correlation analysis techniques have been employed to analyse the fundamental cor-
relation, relationships and characteristics between key manufacturing parameters and
the green tape properties within the dataset. The most prevalent techniques are
Pearson’s correlation coefficient and Spearman’s correlation coefficient. Pearson’s cor-
relation coefficient measures the linearity correlation between two continuous random
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300 cm

15 cm

Figure 5.3. Circular samples and stripe were punched from each tape with dimensions
300 cm× 15 cm (length × width).

variables and is given by

ρp =

∑n
i=1 (xi − x̄) (yi − ȳ)√∑n

i=1 (xi − x̄)2
∑n

i=1 (yi − ȳ)2
, (5.1)

where n is sample size, xi and yi are the values of variables X and Y for the i-th
observation, and x̄ and ȳ are the means of variables X and Y, respectively [177].

Spearman’s correlation coefficient is utilised to capture monotonic relationship
between two continuous random variables and is defined as

ρs = 1− 6
∑n

i=1 d
2
i

n (n2 − 1)
, (5.2)

where di denotes the difference between the ranks of xi and yi for the ith observation
[177].

5.2.4 Machine learning modelling

The full dataset comprises 357 observations. Each sample is described by 5 distinct
attributes, such as temperature, doctor blade gap, casting speed, humidity, and exhaust
air volume flow rate, used as inputs to train independent ML models so as to predict
the green thickness as well as green density for the tape-casting process. The green
thickness and green density are then used as inputs for the sintering models to predict
the thickness and density of the sintered tape. Similarly, the reduction stage models
utilised sintered thickness and sintered density to forecast thickness and density in
the reduced state. Furthermore, to track the tape’s evolution as well as capture batch-
specific variations of the tape after the tape-casting process, the tape ID numbers were
also considered as an important feature in enhancing the performance of ML models
in the sintering and reduction process.
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In preparation for modelling, the raw dataset is randomly divided into an 80%
training set and a 20% testing set. The training set is used to train models to
make predictions, while the testing set is used to evaluate the performance of trained
models on unseen data. Indeed, the testing dataset includes experimental data that
models have not seen during the training yet, equivalent to testing the models against
previously unperformed experiments. The modular ML approach was adopted to
model a series of multi-stage manufacturing processes of the fuel electrode substrate
from tape casting to sintering and to reduction, which enables the optimisation of the
prediction for the physical properties of the tape at each fabrication stage. For each
manufacturing process, a number of regression algorithms were evaluated for each
prediction task. Repeated k-Fold Cross-Validation, with k = 10 and 3 repetitions, was
performed for model selection and hyperparameter tuning. Specifically, the training
set was randomly split into 10 equal folds. In each iteration of a 10-fold process,
the model was trained using 9 folds and then validated on the remaining fold. This
procedure was repeated 10 times, where each fold served as the validation fold once.
Subsequently, the entire 10-Fold Cross-Validation procedure was reiterated 3 times with
different randomisations each time, which resulted in the production of 30 distinct
performance evaluations in total. The scores from all repetitions are finally averaged
to obtain the final score for model assessment. Mean Squared Error (MSE) was used
as a primary loss function for the optimisation during this cross-validation process,
and MSE is defined as

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 , (5.3)

where n is the number of observations, yi represents the ith observed value, and ŷi is
the ith predicted value.

The algorithm with the optimal set of hyperparameters demonstrating the best
performance on this cross-validation phase would be selected as the final model for
each specific prediction task. The final models were then re-trained on the entire
training dataset and evaluated on the testing dataset using key regression metrics,
namely mean absolute error (MAE), root mean squared error (RMSE), and coefficient
of determination (R2). These are defined as follows:

MAE =
1

n

n∑
i=1

|yi − ŷi| , (5.4)

RMSE =
√
MSE =

√∑n
i=1 (yi − ŷi)

2

n
, (5.5)
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and

R2 = 1−
∑n

i=1 (yi − ŷi)
2∑n

i=1 (yi − ȳ)2
, (5.6)

where ȳ is the mean of the observed value.

5.3 Results and discussion
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Figure 5.4. Viscosity curves of the slurry at varied temperatures: 20 ◦C, 21 ◦C, 25 ◦C, and
26 ◦C. All measurements were concentrated on the shear-rate range corresponding to my
experiments during the tape-casting process. The main plot shows the viscosity curves on a
double logarithmic scale, while the inset displays the curves on a linear scale.

5.3.1 Rheological characterisation

During the tape-casting process, the slurry is subjected to a shear rate. This shear
rate can be approximated as the ratio of the casting speed to the doctor blade gap.
Thus, for non-newtonian fluids such as casting slurries used in this study, the viscosity
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changes resulting from the changes in the shear rates or doctor blade gaps will alter
the fluid mechanical conditions during tape casting, eventually affecting the thickness
and uniformity of the green tape. The rheological characterisation of the slurry is
shown in Figure 5.4, illustrating the dependence of viscosity upon shear rate at four
different temperatures: 20, 21, 25, and 26 ◦C. These viscosity curves give informa-
tion about the shear-rate range used for the experiments throughout the tape-casting
process. In general, the viscosity decreases as the shear rate increases, indicating
that the slurry exhibits shear-thinning, also known as pseudoplasticity, behaviour [120,
121]. Furthermore, Figure 5.4 also highlights that temperature has an impact on the
viscosity of the slurry. Specifically, the viscosity of the casting slurry decreases as the
temperature increases. For instance, at the fixed shear rate, the viscosity at 20 ◦C
is higher than that of 21, 25 and 26 ◦C (Figure 5.4). Since the viscosity reflects the
flow behaviour of the slurry, these understandings are critical for controlling the flow
characteristics of the slurry, which directly impacts the tape casting process and the
quality of the resulting green tape.

5.3.2 Exploratory data analysis

5.3.2.1 Tape casting
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Figure 5.5. Correlation heatmap between key manufacturing parameters and the relevant
outputs for the tape-casting process, ranging from -1 (perfect negative correlation) to 1 (perfect
positive correlation), where 0 implies no correlation: (a) Pearson correlation heatmap between
manufacturing parameters and the physical properties of the green tape, and (b) Spearman
correlation heatmap between manufacturing parameters and the physical properties of the
green tape.

A combination of Pearson and Spearman correlation methods is commonly used to
detect both types of relationships that might not be captured through a single method,
enabling us to gain a more comprehensive understanding of the correlations between
process parameters and the physical properties of the green tape. Figure 5.5 shows
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the Pearson and Spearman correlation coefficient between the process parameters
and the output properties of the green tape, revealing physical meaningful trends.
In general, both correlation methods are consistent for all pairs except for pairs of
volume flow rate and the outputs. Specifically, the correlation heatmap shows strong
positive correlations between the doctor blade gap and the green thickness in terms of
Pearson correlation (ρp = 0.96) and Spearman correlation (ρs = 0.90), indicating that
the doctor blade gap directly controls the tape thickness with a near-linear physical
relationship. This confirms the fundamental physical principle where the higher doctor
blade gap leads to the thicker green tape [92, 178]. The impact of the doctor blade
gap on the green density is much weaker than the impact on the green thickness.
Casting speeds exhibit a weak influence on green thickness (ρp = −0.25 and ρs =
−0.26) and a negligible impact on green density (ρp = 0.11 and ρs = 0.12). This
indicates that the faster casting speed predominantly results in the thinner tape [179,
180]. Similar to casting speed, temperatures show negative correlations with green
thickness (ρp = −0.32 and ρs = −0.44) and positive correlations with green density
(ρp = 0.50 and ρs = 0.48). Nevertheless, the impact of the temperature on the
physical properties of the green tape is stronger than the casting speeds, indicating the
importance of the temperature in producing the green tape using the KAROcast tape-
casting device. Additionally, humidity shows positive correlations with green thickness
(ρp = 0.44 and ρs = 0.54), illustrating a nonlinear relationship. In contrast, the
correlation heatmap shows that humidity is a factor in decreasing the green density of
the green tape. The inconsistent correlation for exhaust air volume flow rate between
Pearson and Spearman correlation coefficient implies that the impact of this factor is
not straightforward and difficult to capture using standard correlation analysis. This
complexity may result from its dependence upon the impact of other manufacturing
conditions, particularly temperature and humidity. Indeed, the temperature, humidity,
and exhaust air volume flow rate are frequently interconnected within the tape-casting
process (Figure S1). Therefore, changes in temperature or humidity may result in
fluctuations in the exhaust air volume flow rate inside the tape-casting machine. The
correlation heatmaps among process parameters, along with scatter plots illustrating
the relationship between process parameters and green tape properties, are provided
in Appendix C (Figures C.1 and C.2).

5.3.2.2 Sintering and reduction

The evolution of the sample properties after the sintering and reduction process was
investigated by using scatter plots (Figure 5.6). Figure 5.6a demonstrates a strong linear
correlation between green thickness and sintered thickness, confirming that the green
samples with higher thickness lead to the thicker sintered thickness after sintering in
the same conditions. Meanwhile, although Figure 5.6b displays the increasing trend
for the density of the sample after sintering, the scatter plot of green density and
sintered density is more scattered. This dispersion explains differences in initial green
density as well as complex material transformations throughout the sintering process.
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During the reduction process, the thickness change is quite minimal, and a strong
linear relationship is also observed in thickness transitions between the sintering and
reduction stages (Figure 5.6c). Figure 5.6d indicates that the density after reduction
is slightly lower than the sintered density due to the reduction of NiO to Ni, and the
sintered samples with higher density will retain the higher density in the reduced state.
These results are physically expected and show that the sintering quality is crucial for
the final microstructure.
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(d) Sintered density vs. reduced density

Figure 5.6. Scatter plots representing the relationship of tape properties after sintering and
reduction process: (a) Green thickness and sintered thickness, (b) Green density and sintered
density, (c) Sintered thickness and reduced thickness, and (d) Sintered density and reduced
density.

5.3.3 Machine learning performance

Several regressors were explored and evaluated to predict the thickness and density
for each manufacturing stage, namely Ridge Regression, Support Vector Regression,
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Figure 5.7. Comparison plots of predicted values against target values for physical properties
of the tape at different manufacturing stages: (a) Green Thickness, (b) Green Density, (c)
Sintered Thickness, (d) Sintered Density, (e) Reduced Thickness, and (f) Reduced Density.
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Random Forest, Extra Trees, and Gradient Boosting. Among them, the Extra Trees
regressor exhibits robust predictive performance for both green thickness and green
density with R2 scores of 0.99 and 0.91, respectively. This explains the nature of
the dataset. In fact, the correlation assessment results suggest that the tape-casting
dataset exhibits both multicollinearity and non-linear relationships between process
parameters and green tape properties. Tree-based models are particularly well-suited
for this type of data, as they can capture complex non-linear patterns and remain
robust in the presence of multicollinearity [181]. Moreover, these models are less
sensitive to non-normal feature distributions and do not require feature scaling [182,
183], which is advantageous when working with raw experimental datasets. This
explains why tree-based algorithms such as Extra Trees demonstrated strong predictive
performance in modelling the tape-casting process.

In the sintering and reduction stages, Ridge regression with L2 regularisation
demonstrated excellent performance, achieving an R2 score of 0.99 in predicting
thickness and density in the reduced state. Nonetheless, the Extra Trees Regressor
remained the best-performing model for predicting sintered thickness and density
with R2 scores of 0.99 and 0.98, respectively. This is mainly due to the complexity of
material behaviour throughout heat treatment. Figure 5.7 illustrates regression plots
comparing the target values to the predicted values to assess the accuracy of developed
ML models for each prediction task. It can be observed that most of the predicted
values align well with the target data points, indicating high prediction accuracy of
the models. The performance of the optimised ML models for each stage of the SOC
support manufacturing process is summarised in Table 5.2. Each row represents a
specific prediction task with respect to the corresponding stage, detailing the selected
optimal algorithm and its performance metrics on the independent testing set.

Table 5.2. Performance of optimised machine learning models for SOC support fabrication stages on the
independent testing set. All models showed strong predictive accuracy, with R2 scores consistently exceeding
0.9 for all tasks, indicating that the majority of the variance in unseen data could be explained. The MAE
and RMSE values are expressed in the unit of each output (e.g., thickness in µm, density in g/cm3). Thus,
these errors are relatively small compared to their actual measurement scales.

Process Stage Predicted Output Optimal Algorithm R2 MAE RMSE

Tape Casting
Green Thickness Extra Trees 0.99 1.327 1.780

Green Density Extra Trees 0.91 0.012 0.015

Sintering
Sintered Thickness Extra Trees 0.99 0.397 0.588

Sintered Density Extra Trees 0.98 0.013 0.021

Reduction
Reduced Thickness Ridge regression 0.99 0.237 0.306

Reduced Density Ridge regression 0.99 0.006 0.008
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5.3.4 Impact of manufacturing parameters on material physical
properties

As already mentioned above, in addition to the known influences of the doctor blade
gap and casting speed, condition parameters such as temperature, humidity, and
exhaust air volume flow rate also have crucial roles to play in determining the final
properties of the green tape in this study. These factors often exert simultaneous
effects on the tape rather than acting in isolation. To further analyse the combined
impacts of these three parameters on the tape properties, I analyse the tapes produced
using a consistent doctor blade gap of 300 µm, a casting speed of 5 mm/s, the same
supply and exhaust fan speeds, and a consistent initial temperature setting on the tape
casting machine. Since these tapes were fabricated at different times, the humidity
levels varied with each experiment. This ensures the reliability of comparisons and
analysis regarding the subtle, yet often hard-to-detect, influence of humidity.

Figure 5.8 illustrates the influence of three manufacturing parameters on the tape
properties across three manufacturing stages: tape casting, sintering, and reduction
process. The data are visualised using boxplots alongside point plots, providing com-
prehensive insights about data distribution and central tendency for each condition
group. Specifically, in the tape-casting stage, both thickness and density demonstrate
variations according to temperature, humidity, and exhaust air volume flow rate. The
“Low-High-High” condition yields the highest mean green thickness, while the “High-
High-High” condition results in the lowest mean thickness. Conversely, green density
generally increases across the conditions, with the “Low-Low-High” condition exhibit-
ing the highest mean green density. Figures 5.8a and 5.8b offer valuable insights for
optimising the tape casting process. For instance, if the goal is to produce tapes with
higher green thickness, the “Low-High-High” condition may be preferred, despite the
resultant lower green density. Conversely, for achieving the higher density, the “Low-
Low-High” condition represents a suitable option. Meanwhile, to attain a balance of
relatively higher mean values and less variability for both green thickness and density,
it could be considered to control the condition to “High-High-High”, “High-High-Low”,
and “High-Low-Low”.

In the sintering and reduction stages, initial manufacturing conditions indirectly
affected the properties of the sintered and reduced tapes through tape casting. This
indirect effect suggests a strong retention of characteristics from the green tape stage
into subsequent processing. Analysis of Figure 5.8c and Figure 5.8e confirms that
tape thickness consistently decreased across all experimental groups after both the
sintering and reduction processes. Notably, the change in thickness between sin-
tered and reduced tapes was minor when compared to the more significant thickness
transformation observed between the green and sintered tapes. Furthermore, Figures
5.8d and 5.8f illustrate a substantial increase in tape density following the sintering
process, while a slight decrease in density was observed after the reduction stage.
By comprehensively analysing tape properties, including thickness and density, across
all three stages (green, sintered, and reduced tape) in relation to temperature, hu-
midity, and volume flow rate, the results indicate that the “High-High-Low” condition
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Figure 5.8. Analysis plots demonstrating the impact of three-manufacturing-parameter combi-
nations (e.g. temperature, humidity and exhaust air volume flow rate) on (a) Green Thickness,
(b) Green Density, (c) Sintered Thickness, (d) Sintered Density, (e) Reduced Thickness, and (f)
Reduced Density. The boxplots compare various condition groups. Point plots represent the
mean value and the tendency, accompanied by its 95% confidence interval. All analyses were
implemented for the tapes produced using the same doctor blade of 300 µm and the casting
speed of 5 mm/s. The investigated temperature, humidity and volume flow rate in the exhaust
air varied in the ranges of 22.4–33.9 ◦C, 29–50 %, and 69.05–74.48 m3/h, respectively.
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consistently yields higher values and lower variability for both thickness and density.
Nevertheless, if the primary objective is to achieve tapes with exceptionally high thick-
ness and density, irrespective of their variability, the “Low-Low-High” condition merits
consideration.

5.3.5 Density evolution during fuel electrode support fabrication

Figure 5.9 illustrates the evolution of the average density across various stages: slurry,
green tape, sintered tape and reduced tape. Despite differences among the individual
tape samples, a consistent trend was observed across all cases. Therefore, a single
regression curve was fitted to represent the overall behaviour. Overall, it is obvious
that the density underwent significant changes during fabrication. Specifically, the
density was lowest at around 2.19 g/cm3 in the slurry stage. After tape casting and
drying, the density achieved a value within a range of 3.33 and 3.55 g/cm3 depending
upon the manufacturing conditions and parameters in this study. This results from
the solvents evaporating and the material particles undergoing closer packing. During
the sintering at 1400 ◦C, the binder and organic additives were completely burned off,
while particles fused into a solid coherent mass. As a result, the tape experiences a
significant increase in density, reaching values in the range of 4.22 and 4.87 g/cm3.
Finally, the reduction of NiO to Ni results in a slight decrease in density caused by
oxygen loss, with the final density ranging from 3.84 to 4.34 g/cm3. The figure
provides a clear visualisation of the physical transitions in density throughout the
manufacturing stages, highlighting the consistency of the process.
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Figure 5.9. Density evolution during fuel-electrode support manufacturing stages.
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5.4 Conclusions and Perspectives

This chapter presented a data-driven machine learning framework to predict the thick-
ness and density of the fuel electrode support across various fabrication processes,
namely tape casting, sintering, and reduction processes. Viscosity measurements at
various temperatures were employed to investigate the impact of temperature on the
rheological properties of the slurry. The dataset was collected experimentally from
the automated logging system of the tape casting machine via ELN and physical mea-
surements, enabling ML to be applied to ceramics tape casting for the first time. The
experimental data were analysed to detect the relationship between the manufacturing
conditions and physical properties of the green tape, especially the direct impact of
temperature, humidity and exhaust air volume flow rate on green thickness and green
density, which indirectly affects the thickness and density of the sintered and reduced
tape. Therefore, it is worth noting that the tape casting process could be optimised
if humidity and exhaust air volume flow rate inside the machine can be tracked and
controlled.

The reported work further indicates that the thickness and density of the fuel-
electrode support for each manufacturing process can be predicted with high accuracy
by using ML models trained on high-quality data from the experiment. Although the
current study utilised semi-automated data collection, which included extracting log
files from the tape casting machine and manually measuring sample properties, the
developed ML models still exhibited strong predictive performance. Nevertheless, the
overall accuracy of ML models can be further enhanced, provided that a comprehen-
sive automated data acquisition process is implemented to reduce potential human
error in practice. Developing the automated data acquisition pipeline coupled to an
ML framework will not only enhance the predictive performance but also allow the
development of models to optimise the manufacturing process.

In the era of smart manufacturing, a promising direction for future research lies
in the integration of data-driven ML approaches into the manufacturing pipeline of
fuel-electrode supports as well as other components of SOCs. As a first step toward
automation, the ELN, specifically eLabFTW, has been successfully integrated into the
KAROcast tape casting system to automatically collect process data. To fully realise the
benefits of ML integration, it is essential to establish a fully automated infrastructure
for acquiring high-quality, diverse data from each stage of the manufacturing pro-
cess. Moving forward, physical measurements should also be automated and ideally
conducted using non-contact methods to improve both measurement precision and
accuracy, thereby enhancing the overall data quality. Coupling automated data acqui-
sition with ML offers significant potential for predicting material properties, and thus
enables better decision-making throughout the manufacturing workflow [184]. Such
an end-to-end automated pipeline would minimise human-induced error and enable
large-scale collection of high-quality data with diverse input parameters. This provides
a solid foundation for training robust ML models capable of optimising the fabrication
process of SOC component layers more intelligently and efficiently.
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6
Overall conclusions

and outlook

6.1 Overall conclusions

This thesis presents the results obtained from the modelling for the SOC fuel-electrode
substrate manufacturing, including coarse-grained physics-based modelling for tape
casting of the substrate (Chapter 3), hybrid modelling of the slurry for the tape casting
of the fuel-electrode substrate (Chapter 4), and ML modelling for the fabrication of
fuel-electrode substrates from tape casting and drying to sintering and reduction
(Chapter 5). These novel approaches were developed for the SOC substrate as part of
the ARTISTIC and ML4SOC projects, a collaborative effort between UPJV/LRCS (France)
and IMD-2, FZJ (Germany). The work has shown that physics-based and data-driven
approaches address different aspects of the same challenge, and that their integration
is key to achieving systematic and reproducible optimisation of the fabrication process.

Chapter 3 focuses on developing a physics-based modelling framework for SOC
manufacturing, with research emphasis upon the tape casting and drying of the fuel-
electrode substrate. Building upon previous work from my research group at UPJV
(France), where the DEM was successfully applied to model various battery manu-
facturing processes, including both liquid electrolyte lithium-ion and all-solid-state
batteries, this study adapts and extends the methodology to SOCs. The aim is to
establish a proof-of-concept model that directly links manufacturing parameters to the
resulting microstructure of the substrate.

The 3D physics-based modelling reported in Chapter 3 offers a balanced approach,
bridging the gap between resource-intensive experimental imaging (e.g., X-ray CT,
FIB/SEM) and stochastic methods. They provide a more fundamentally grounded
predictive capability than the latter, with significantly higher throughput than the
former. This capability underpins the DEM framework developed here, providing a
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physically consistent representation of the substrate microstructure at relevant steps
of tape casting and drying.

To achieve this, initial experimental data were collected at IMD-2, FZJ (Jülich, Ger-
many), including slurry composition and formulation details. These data were used
for the DEM modelling for the sequential manufacturing steps (e.g. slurry preparation,
tape casting and drying) using the MatriCS High Performance Computing platform
at UPJV (Amiens, France), closely reflecting the actual experimental procedure. This
model was calibrated using in-house experimental data, such as the slurry density,
the slurry viscosity, as well as the density and porosity of the resulting green tape.
This ensures that the simulations matched real manufacturing conditions. The DEM
simulations confirmed the uniform distribution of all materials within the dried mi-
crostructure, which is expected before thermal processing. Although the model as-
sumes homogeneous drying of BDPD particles, a simplification of actual behaviour, it
captures the key mechanisms, trends relevant for the drying stage, and the proof-of-
concept objectives.

This study demonstrates that the ARTISTIC workflow is not restricted to batteries
but can also be applied to SOC technologies. Incorporating additional imaging and
characterisation data will further improve understanding of processing and perfor-
mance relationships. Despite simplifications such as spherical particle representation,
this method constitutes, to my knowledge, the most comprehensive computational
framework currently available for linking manufacturing parameters with microstruc-
tural characteristics of the fuel-electrode substrate. It also provides a predictive tool for
optimising the casting process and exploring production scenarios prior to experimen-
tal trials. Consequently, Chapter 3 establishes a strong foundation for physics-based
modelling of SOC fabrication. It provides a flexible computational strategy that can ac-
celerate the design and scale-up of energy conversion devices, laying the groundwork
for the analyses and studies presented in the following chapters.

Building upon this foundation, Chapter 4 introduces a hybrid surrogate modelling
framework to address the high computational cost associated with physics-based DEM
simulations of the solvent-based slurry, particularly the repeated fitting of FF parame-
ters for large simulation domain sizes required to ensure agreement with experimental
data. By integrating data-driven DL techniques with physics-based modelling, this
chapter aimed to develop a hybrid approach for the slurry simulation that maintains
accuracy while significantly reducing computational requirements.

The workflow began with generating a slurry microstructural dataset using the
DEM simulations of slurry preparation for tape casting reported in Chapter 3. These
data were then utilised to train the DL model, particularly the modified VGG16 net-
work, capable of predicting the final slurry microstructures of the substrate in FESCs.
In order to preserve physical interpretability and ensure accuracy, the predicted mi-
crostructures were further equilibrated using DEM simulations. This created a hybrid
framework that combines the strengths of both physics-based and data-driven ap-
proaches. The trained model achieved strong predictive performance, as indicated by
high R2 and low MSE as well as MAE values during training. The physical fidelity of
the predicted microstructures was further verified through RDF analyses. Moreover,
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the model exhibited adaptability when tested on different slurry microstructures, with
good agreement between predicted and simulated microstructures. Some deviations
were observed, particularly for thicker slurry layers, suggesting directions for future
refinement. Despite these limitations, the modified VGG16 architecture proved to be
a robust neural network for hybrid modelling of the substrate manufacturing pro-
cesses, particularly the slurry preparation stage. The developed workflow highlights
the potential of data-driven surrogate modelling to substantially accelerate validation
and optimisation tasks that would otherwise depend upon computationally intensive
physics-based simulations. This work represents an important step toward scalable
and computationally efficient modelling strategies for energy conversion device man-
ufacturing.

Chapter 5 presents a data-driven ML approach to predict the thickness and density
of the fuel-electrode substrate across three key stages of the fabrication process: tape
casting and drying, sintering, and NiO reduction. The focus of this chapter shifts from
the physics-based modelling framework developed for the SOC substrate using the
workflow of the ARTISTIC research initiative led by Prof. Dr. Alejandro A. Franco at
UPJV (Amiens, France) to data-driven modelling applied to fully experimental datasets
within the ML4SOC project led by Prof. Dr. Olivier Guillon at IMD-2, FZJ (Jülich,
Germany).

The effect of temperature on the rheological properties of the slurry was examined
through rheological measurements conducted at various temperatures, revealing that
higher temperatures lead to lower slurry viscosity. This finding highlights the critical
role of temperature in controlling the flow behaviour of the slurry, which directly
affects the quality of the green tape after tape casting and drying.

To ensure the consistency of experiments, systematic data management, and high
data quality, an enhanced data collection strategy was implemented. This included the
integration of the ELN for automatic in-situ acquisition of process parameters during
tape casting and drying, complemented by on-site characterisation of the resulting
tapes.

The developed ML models exhibited strong predictive performance, with R2 val-
ues exceeding 0.9, and small MAE as well as RMSE compared to the experimental
measurement scales of each target variable. Analysis of the experimental data demon-
strated the influence of otherwise difficult-to-monitor manufacturing parameters, such
as temperature, humidity, and exhaust air volume flow rate inside the tape-casting
machine, on the substrate properties. These findings highlight a practical pathway
to reduce trial-and-error in SOC manufacturing and to enable data-guided process
optimisation and scale-up.

Taken together, the physics-based and data-driven strategies developed in this
thesis complement each other. The DEM simulations provide physical insight and pre-
dictive capability at both the process and microstructural levels, while also generating
physically consistent synthetic data that can enrich experimental datasets. Meanwhile,
the ML models offer rapid and adaptive ways to uncover hidden trends within complex
manufacturing data, thereby supporting decision-making for data-driven experimental
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optimisation. The combination of both approaches establishes a framework that inte-
grates numerical modelling, experimental production, and data science. Through this
integration, this thesis provides a foundation for scalable, reproducible, and energy-
efficient manufacturing of SOC fuel-electrode substrates. The prime contributions of
the thesis can therefore be summarised as the development of new modelling tools,
the integration of simulations and experiments into coherent workflows, and the ap-
plication of ML to practical manufacturing challenges. Overall, the thesis demonstrates
how such a combined strategy can support more systematic, reproducible, and energy-
efficient production of SOCs, and at the same time provide pathways for scaling the
technology towards industrial applications.

6.2 Outlook

The studies presented in this thesis have primarily focused on the fuel-electrode sub-
strate, yet the developed methodologies and analytical frameworks can be applied to
other components of SOCs and to a variety of material layers in the field of energy
storage and conversion devices. Such extensions would allow a more comprehensive
understanding of how manufacturing parameters influence the structural and func-
tional properties of the entire cell, ultimately contributing to the optimisation of SOC
materials as a whole.

While physics-based models enable extrapolative predictions grounded in mecha-
nistic understanding, they remain computationally expensive [23, 25, 26]. In contrast,
data-driven models offer rapid prediction capabilities but are typically constrained
to interpolation within known data spaces. The current hybrid modelling framework
combines the DL model with the DEM simulation at the workflow level. This frame-
work should continue to be refined and expanded to other fabrication processes.
For instance, coupling DEM-generated microstructures directly with ML/DL surrogates,
using multiple formulations and corresponding calibrated FFs, could enhance both
accuracy and generality. This allows researchers to generate a great deal of synthetic
microstructures used for analysis purposes or to serve as inputs for the multiscale
modelling associated with subsequent manufacturing stages. Future research could
advance toward a deeper coupling in which physical principles are embedded directly
into the learning process. Such physics-informed ML/DL approaches would retain the
interpretability and rigour of physical modelling while benefiting from the scalability
and adaptability of data-driven learning. This enables physics-informed ML/DL mod-
els to reliably predict critical properties of the SOC component layers (e.g. material
properties, electrochemical characterisation, and the overall cell performance) for both
interpolation and extrapolation.

Meeting the challenges of SOC manufacturing requires more than advances in
materials science and processing technology. It also demands the integration of
data-driven methods into design and optimisation pipelines, serving as a basis for
predictive control and continuous process improvement. The incorporation of active
learning strategies could further allow simulations and experiments to inform each
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other more efficiently, guiding the design of new experiments and accelerating model
improvement [185, 186]. These developments could lead to more autonomous, intel-
ligent systems capable of accelerating materials and manufacturing process discovery
in a physically meaningful way.

To ensure the reliability of these ML/DL models across laboratory and industrial
environments, it will be of utmost importance to establish robust experimental and
data infrastructures that ensure the quality, traceability, and interoperability of infor-
mation. Hence, it will be essential to integrate advanced in-situ characterisation into
automated high-throughput data pipelines. This would enable continuous feedback
between experiments, simulations, and model training, thereby maintaining consis-
tency and traceability of data. Such a data-centric ecosystem would not only facilitate
model validation but also enrich ML/DL datasets, strengthening the bridge between
physics-based and data-driven approaches. Consequently, this provides a solid foun-
dation for developing interpretable and efficient digital twins of SOC manufacturing
processes. Prof. Dr. Alejandro A. Franco’s group research led to the demonstration
of a pionneering modelling platform paving the way towards digital twins of energy
device manufacturing processes.

In the bigger picture of SOC manufacturing within the era of smart manufactur-
ing, a large amount of SOC manufacturing data can be generated throughout manu-
facturing with the support of key technologies involved in intelligent manufacturing
(e.g. Internet of Things-enabled infrastructures, advanced sensors and robotics, cyber-
physical systems, cloud computing, and big data analytics) [187]. Therefore, advanced
data collection and analysis in data-driven manufacturing processes are essential in
Industry 4.0, where automation, digitalisation, and data integration form the founda-
tion for intelligent process control [184, 188, 189]. In this regard, digital twins of SOC
manufacturing processes link physical and virtual systems in a continuous feedback
loop [26, 128], effectively bridging the gap between laboratory research and industrial
production. This capability may support the acceleration of SOC industrialisation by
enabling predictive control, real-time monitoring, and scalable process optimisation.

Looking forward, by integrating physics-based and data-driven modelling frame-
works with advanced experimental infrastructures, the digital ecosystem can evolve
to support more intelligent and adaptive manufacturing processes. Researchers and
operators would be capable of interacting with data-driven systems more transparently
and adaptively, paving the way toward Industry 5.0, where sustainability, resilience, and
human–machine collaboration become central [189, 190]. These advances point toward
a future where SOC components are produced through the manufacturing ecosystem
that are intelligent, sustainable, and genuinely human-centred. Collectively, these de-
velopments represent a meaningful step toward digitally interconnected, adaptable,
and resilient manufacturing ecosystems for future SOC material applications.
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A.1 Particle size distribution of the material particles
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Figure A.1. Particle size distribution of NiO used for the initial simulation configuration.
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Figure A.2. Particle size distribution of 8YSZ used for the initial simulation configuration.

A.2 Force field parameters

Table A.1. Force field parameters adopted in DEM simulations.

Parameters Slurry phase Drying phase

LJFF

ϵNiO
[
pg µm2 µs−2

]
9.5× dNiO 200× dNiO

σNiO [µm] 0.85× dNiO 0.89× dNiO
rc NiO [µm] 1.5× dNiO 1.1× dNiO

ϵ8YSZ
[
pg µm2 µs−2

]
9× d8YSZ 200× d8YSZ

σ8YSZ [µm] 0.8× d8YSZ 0.85× d8YSZ
rc 8YSZ [µm] 1.5× d8YSZ 1.1× d8YSZ

ϵBDPD
[
pg µm2 µs−2

]
0.01 550

σBDPD [µm] 0.6 0.9× dBDPD
rc BDPD [µm] 2.2 1.7× dBDPD

GHFF

kn
[
pg µm−1 µs−2

]
17.5 800

γn
[
µm−1 µs−2

]
10 50

µ 0.016 0.05

*dNiO, d8YSZ, and dBDPD refer to the diameters of NiO, 8YSZ, and BDPD particles, respectively.
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A.3 Simulated viscosity for two different shear-rates
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Figure A.3. Viscosity outputs through the non-quilibrium simulation for two different shear-
rates, carried out for case 1 of Table A.1.

A.4 DEM microstructure generation

Table A.2. Information of the microstructures generated by the DEM model.

No. Microstructure type Number of particles Volume
[
µm3

]
Density

[
g/cm3

]
Porosity

[
%
]

1
Slurry microstructure

14 162
5 408 2.22 N/A

Dried microstructure 1 296 3.46 9.7

2
Slurry microstructure

14 162
5 408 2.22 N/A

Dried microstructure 1 296 3.47 9.2

3
Slurry microstructure

14 162
5 408 2.22 N/A

Dried microstructure 1 296 3.44 10

4
Slurry microstructure

14 162
5 408 2.22 N/A

Dried microstructure 1 296 3.44 10

5
Slurry microstructure

14 162
5 408 2.22 N/A

Dried microstructure 1 296 3.45 9.6

6
Slurry microstructure

226 568
77 312 2.22 N/A

Dried microstructure 23 040 3.46 9.4
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A.5 Code and data availability

Code and data will be made available upon reasonable request.
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B.1 Force field parameters

Table B.1. Force field parameters adopted in DEM simulations.

Parameters Slurry phase Drying phase

LJFF

ϵNiO
[
pg µm2 µs−2

]
9.5× dNiO 200× dNiO

σNiO [µm] 0.85× dNiO 0.89× dNiO
rc NiO [µm] 1.5× dNiO 1.1× dNiO

ϵ8YSZ
[
pg µm2 µs−2

]
9× d8YSZ 200× d8YSZ

σ8YSZ [µm] 0.8× d8YSZ 0.85× d8YSZ
rc 8YSZ [µm] 1.5× d8YSZ 1.1× d8YSZ

ϵBDPD
[
pg µm2 µs−2

]
0.01 550

σBDPD [µm] 0.6 0.9× dBDPD
rc BDPD [µm] 2.2 1.7× dBDPD

GHFF

kn
[
pg µm−1 µs−2

]
17.5 800

γn
[
µm−1 µs−2

]
10 50

µ 0.016 0.05

*dNiO, d8YSZ, and dBDPD refer to the diameters of NiO, 8YSZ, and BDPD particles, respectively.
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B.2 Information of the slurry microstructure gener-
ated for Deep Learning model training and vali-
dation

Table B.2. Information of the slurry microstructures generated for model training and
validation.

Microstructure Number of particles Volume
[
µm3

]
Size

[
µm3

]
1 7 331 4 093.656 11.8× 11.8× 29.4

2 7 331 4 041.756 11.4× 11.4× 31.1

3 7 331 4 110.336 9.6× 9.6× 44.6

4 21 989 12 196.089 15.3× 15.3× 52.1

5 21 989 12 168.602 16.3× 16.3× 45.8

6 7 331 4 060.075 11.5× 11.5× 30.7

7 29 317 16 324.352 17.6× 17.6× 52.7

8 29 317 16 340.91 17.9× 17.9× 51.0

B.3 Information of the slurry microstructure gener-
ated for Deep Learning model test

Table B.3. Information of the slurry microstructures generated for model test.

Microstructure Number of particles Volume
[
µm3

]
Size

[
µm3

]
1 7 331 4 093.656 11.8× 11.8× 29.4

2 7 331 4 080.637 12.7× 12.7× 25.3

3 7 331 4 090.572 11.1× 11.1× 33.2

4 14 658 8 096.425 15.5× 15.5× 33.7

5 14 658 8 126.384 14.8× 14.8× 37.1

6 36 646 20 389.537 21.7× 21.7× 43.3

7 29 317 16 360.218 18.9× 18.9× 45.8
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B.4 Hyperparameters

Table B.4. Hyperparameters of the CNN model used in Chapter 4.

Hyperparameter Value

Kernel size 3

Activation (Convolutional &
Dense layers)

ReLU

Activation (Output layer) Linear (None)

Convolution padding same

Optimizer Adamax

Learning rate 0.0001

Adamax parameters β1 = 0.9, β2 = 0.999, ϵ = 10−7

Batch size 500

Epochs 1 000

Loss function MSE

Metrics R2, MAE

B.5 Code and data availability

Code and data will be made available upon reasonable request.
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C.1 Correlation heatmap of process parameters in the
tape casting stage
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Figure C.1. Correlation heatmap between process parameters of tape casting process.

89



Appendix C. Supplementary information for chapter 5

C.2 Scatter plots of tape casting dataset
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(c) Doctor blade gap vs green thickness
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(d) Doctor blade gap vs green density
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(e) Casting speed vs green thickness
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(f) Casting speed vs green density
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(g) Humidity vs green thickness
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(h) Humidity vs green density
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(i) Exhaust air volume flow rate vs green thickness
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(j) Exhaust air volume flow rate vs green density

Figure C.2. Scatter plot of the process parameters and the tape properties showing different
groups of doctor blade gap: (a) Temperature vs green thickness, (b) Temperature vs green
density, (c) Doctor blade gap vs green thickness, (d) Doctor blade gap vs green density, (e)
Casting speed vs green thickness, (f) Casting speed vs green density, (g) Humidity vs green
thickness, (h) Humidity vs green density, (i) Exhaust air volume flow rate vs green thickness,
and (j) Exhaust air volume flow rate vs green density.
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C.3 Thickness evolution during fuel electrode support
fabrication
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Figure C.3. Thickness evolution during fuel-electrode support manufacturing stages.

C.4 Python code

Python Listing C.1. “model_trainer.py” including utility functions and classes for preprocess-
ing, training, saving and plotting.

1 import numpy as np

2 import pandas as pd

3 import matplotlib

4 import matplotlib.pyplot as plt

5 from sklearn.pipeline import Pipeline

6 from sklearn.metrics import r2_score , mean_squared_error ,

mean_absolute_error

7 import joblib

8

9 # ******************* Set plot style *******************

10 plt.style.use('seaborn -v0_8 -white')

11 matplotlib.use("Agg")
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12 matplotlib.rcParams.update ({

13 "font.size": 18,

14 "axes.titlesize": 22,

15 "axes.labelsize": 25,

16 "font.family": "Times New Roman"

17 })

18 plt.rc('font', family='Times New Roman', weight='bold')

19

20 # ******************* Model trainer class *******************

21 class ModelTrainer:

22 def __init__(self , pipeline: Pipeline , train_set: pd.

DataFrame , test_set: pd.DataFrame ,

23 target_column: str , input_columns: list ,

plot_config: dict):

24 self.pipeline = pipeline

25 self.train_set = train_set

26 self.test_set = test_set

27 self.target_column = target_column

28 self.input_columns = input_columns

29 self.plot_config = plot_config

30 self.model = None

31

32 def extract_X_y(self , df: pd.DataFrame):

33 """Extracting the data for model training"""

34 X = df[self.input_columns]

35 y = df[self.target_column]

36 return X, y

37

38 def train_and_evaluate(self):

39 """Train models on the training set and evaluate model on

the testing set"""

40 X_train , y_train = self.extract_X_y(self.train_set)

41 X_test , y_test = self.extract_X_y(self.test_set)

42

43 self.model = self.pipeline.fit(X_train , y_train)

44 y_pred = self.model.predict(X_test)

45

46 _r2_score = r2_score(y_test , y_pred)

47 mae = mean_absolute_error(y_test , y_pred)

48 rmse = np.sqrt(mean_squared_error(y_test , y_pred))

49 print(f"Model for {self.target_column}")

50 print(f"R2 score for {self.target_column }: {_r2_score :.5f

}")

51 print(f"MAE score for {self.target_column }: {mae:.5f}")

52 print(f"RMSE score for {self.target_column }: {rmse :.5f}")

53 self.plot_predictions(y_test , y_pred)

54

55 def save_model(self , path: str):

56 """Save model"""

57 if self.model:

58 joblib.dump(self.model , path)

59 print(f"Model saved to {path}")

60
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61 def plot_predictions(self , y_true , y_pred):

62 """Plot the regression plots """

63 plt.figure(figsize =(8, 7))

64 plt.scatter(y_true , y_pred , s=60,

65 color=self.plot_config["color"],

66 edgecolors='k', label="Test sample")

67 min_val = min(min(y_true), min(y_pred))

68 max_val = max(max(y_true), max(y_pred))

69 plt.plot([min_val , max_val], [min_val , max_val],

70 linestyle='--', color='k', label="Fitting line")

71

72 plt.xlabel(self.plot_config["xlabel"])

73 plt.ylabel(self.plot_config["ylabel"])

74 plt.legend(frameon=True , framealpha =0.8)

75 ax = plt.gca()

76 ax.tick_params(axis='both', which='major', width=2,

length=6, pad=8, labelsize =20)

77 plt.tight_layout ()

78 filename = f"trained_models /{self.target_column}"

79 plt.savefig(f"{filename }.png", dpi =600)

80 plt.savefig(f"{filename }.pdf", dpi =600)

81 plt.close()

Python Listing C.2. Main script containing the full ML pipeline and model configuration.

1 import os

2 import pandas as pd

3 from sklearn.pipeline import Pipeline

4 from sklearn.ensemble import ExtraTreesRegressor

5 from sklearn.linear_model import RidgeCV

6 from sklearn.preprocessing import OneHotEncoder ,

PolynomialFeatures

7 from sklearn.compose import ColumnTransformer

8 from model_trainer import ModelTrainer

9

10 def create_preprocessor ():

11 return ColumnTransformer(

12 transformers =[

13 ('one_hot ', OneHotEncoder(drop='first', sparse_output

=False), ['tape_id '])

14 ],

15 remainder='passthrough '

16 )

17

18 def main():

19 # Create the new folder --trained_models

20 os.makedirs("trained_models", exist_ok=True)

21

22 # Load training & testing sets

23 train_df = pd.read_csv("train_data.csv")

24 test_df = pd.read_csv("test_data.csv")

25

26 # ============= Pipelines for all models =============
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C.4. Python code

27 pipelines = {

28 "green_density": Pipeline ([

29 ("model", ExtraTreesRegressor(bootstrap=False ,

max_features =0.95 , min_samples_leaf =1, min_samples_split =3,

n_estimators =100, random_state =42))

30 ]),

31 "green_thickness": Pipeline ([

32 ("model", ExtraTreesRegressor(bootstrap=False ,

max_features =0.95 , min_samples_leaf =1, min_samples_split =3,

n_estimators =100, random_state =42))

33 ]),

34 "sintered_density": Pipeline ([

35 ("preprocessor", create_preprocessor ()),

36 ("model", ExtraTreesRegressor(bootstrap=False ,

max_features =0.95 , min_samples_leaf =1, min_samples_split =3,

n_estimators =100, random_state =42))

37 ]),

38 "sintered_thickness": Pipeline ([

39 ("preprocessor", create_preprocessor ()),

40 ("model", ExtraTreesRegressor(bootstrap=False ,

max_features =0.95 , min_samples_leaf =1, min_samples_split =3,

n_estimators =100, random_state =42))

41 ]),

42 "reduced_density": Pipeline ([

43 ("preprocessor", create_preprocessor ()),

44 ("model", RidgeCV ())

45 ]),

46 "reduced_thickness": Pipeline ([

47 ("preprocessor", create_preprocessor ()),

48 ("model", RidgeCV ())

49 ]),

50 }

51

52 # ============= Task -specific configuration =============

53 tasks = {

54 "green_density": {

55 "input_columns": ["temperature", "doctor_blade", "

casting_speed", "humidity", "volume_flow_rate"],

56 "target_column": "green_density",

57 "plot": {

58 "title": "Green Density",

59 "xlabel": "Target Values [g/cm 3 ]",

60 "ylabel": "Predicted Values [g/cm 3 ]",

61 "color": "dodgerblue"

62 }

63 },

64 "green_thickness": {

65 "input_columns": ["temperature", "doctor_blade", "

casting_speed", "humidity", "volume_flow_rate"],

66 "target_column": "green_thickness",

67 "plot": {

68 "title": "Green Thickness",

69 "xlabel": "Target Values [µm]",
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70 "ylabel": "Predicted Values [µm]",

71 "color": "skyblue"

72 }

73 },

74 "sintered_density": {

75 "input_columns": ["tape_id", "green_thickness", "

green_density"],

76 "target_column": "sintering_density",

77 "plot": {

78 "title": "Sintered Density",

79 "xlabel": "Target Values [g/cm 3 ]",

80 "ylabel": "Predicted Values [g/cm 3 ]",

81 "color": "darkturquoise"

82 }

83 },

84 "sintered_thickness": {

85 "input_columns": ["tape_id", "green_thickness", "

green_density"],

86 "target_column": "sintering_thickness",

87 "plot": {

88 "title": "Sintered Thickness",

89 "xlabel": "Target Values [µm]",

90 "ylabel": "Predicted Values [µm]",

91 "color": "deepskyblue"

92 }

93 },

94 "reduced_density": {

95 "input_columns": ["tape_id", "sintering_thickness", "

sintering_density"],

96 "target_column": "reducing_density",

97 "plot": {

98 "title": "Reduced Density",

99 "xlabel": "Target Values [g/cm 3 ]",

100 "ylabel": "Predicted Values [g/cm 3 ]",

101 "color": "royalblue"

102 }

103 },

104 "reduced_thickness": {

105 "input_columns": ["tape_id", "sintering_thickness", "

sintering_density"],

106 "target_column": "reducing_thickness",

107 "plot": {

108 "title": "Reduced Thickness",

109 "xlabel": "Target Values [µm]",

110 "ylabel": "Predicted Values [µm]",

111 "color": "deeppink"

112 }

113 }

114 }

115

116 # ============= Train all models =============

117 for name , cfg in tasks.items ():

118 print(f"\n Evaluation on the testing set for {name}")
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C.5. Data availability

119 trainer = ModelTrainer(

120 pipeline=pipelines[name],

121 train_set=train_df ,

122 test_set=test_df ,

123 target_column=cfg["target_column"],

124 input_columns=cfg["input_columns"],

125 plot_config=cfg["plot"]

126 )

127 trainer.train_and_evaluate ()

128 trainer.save_model(f"trained_models /{name}_model.pkl")

129

130 if __name__ == "__main__":

131 main()

C.5 Data availability

Data will be made available upon reasonable request.
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Résumé de la thèse en Français

Les technologies de l’hydrogène jouent un rôle central dans la transition des com-
bustibles fossiles vers les sources d’énergie renouvelables, indispensables à la réalisa-
tion des objectifs de neutralité carbone et de développement durable. Parmi elles,
les cellules à oxyde solide (SOCs) se distinguent comme l’une des technologies les
plus prometteuses pour la conversion d’énergie propre, grâce à leur haute efficac-
ité et leur grande flexibilité vis-à-vis des combustibles utilisables. En particulier, les
SOCs à support d’électrode combustible (FESCs) présentent un avantage notable lié à
la présence d’une couche d’électrolyte plus mince (5–20 µm), ce qui permet de ré-
duire les pertes ohmiques, d’abaisser la température de fonctionnement (500–750 ◦C)
et d’améliorer les performances globales. La stabilité mécanique des FESCs dépend
fondamentalement du substrat poreux épais constituant l’électrode combustible. Ce
substrat est généralement composé d’un cermet de NiO/zircone stabilisée à l’yttrium.
L’optimisation traditionnelle des paramètres de fabrication repose principalement sur
des méthodes expérimentales de type essai-erreur, coûteuses en ressources, longues
et difficiles à adapter à la production industrielle.

Cette thèse présente les résultats obtenus dans le cadre de la modélisation du
procédé de fabrication du substrat d’électrode combustible des SOCs, comprenant une
modélisation physique à grain grossier du coulage sur bande du substrat (Chapitre
3), une modélisation hybride du coulis destiné au coulage sur bande (Chapitre 4), et
une modélisation par apprentissage automatique (ML) de la fabrication des substrats
d’électrode combustible, depuis le coulage et le séchage jusqu’au frittage et à la
réduction (Chapitre 5). Ces approches novatrices ont été développées dans le cadre
des projets ARTISTIC et ML4SOC, fruit d’une collaboration entre l’UPJV (France) et
l’IMD-2, FZJ (Allemagne). Les travaux ont démontré que les approches basées sur la
physique et celles fondées sur les données abordent des aspects complémentaires d’un
même défi, et que leur intégration est essentielle pour parvenir à une optimisation
systématique et reproductible du processus de fabrication.

Le Chapitre 2 présente les bases fondamentales des SOCs. Il décrit leurs principes
de fonctionnement, les matériaux typiquement utilisés pour chaque couche fonc-
tionnelle, les configurations de conception les plus courantes ainsi que la voie de
fabrication des cellules supportées sur électrode combustible. Cet aperçu établit les
fondements nécessaires à la compréhension de la technologie SOC et de ses aspects
scientifiques et techniques sous-jacents.

Le Chapitre 3 est consacré au développement d’un cadre de modélisation physique
du procédé de fabrication des SOCs, en mettant particulièrement l’accent sur le
coulage sur bande et le séchage du substrat d’électrode combustible. Ce travail
s’appuie sur les recherches antérieures de mon groupe à l’UPJV (France), où la méthode
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DEM a été appliquée avec succès à la modélisation de divers procédés de fabrication
de batteries, qu’il s’agisse de batteries lithium-ion à électrolyte liquide ou de batteries
tout solide. Cette étude adapte et étend la méthodologie aux SOCs, avec pour objec-
tif d’établir un modèle de preuve de concept reliant directement les paramètres de
fabrication à la microstructure résultante du substrat.

La modélisation tridimensionnelle basée sur la physique présentée au Chapitre 3
propose une approche équilibrée, comblant l’écart entre les techniques expérimentales
d’imagerie à forte intensité de ressources (par exemple la tomographie X ou le FIB/SEM)
et les méthodes stochastiques. Elle offre une capacité prédictive plus fondée que ces
dernières, tout en assurant un débit de calcul nettement supérieur aux premières.
Cette capacité soutient le cadre DEM développé ici, fournissant une représentation
physiquement cohérente de la microstructure du substrat aux étapes pertinentes du
coulage et du séchage.

Pour atteindre cet objectif, des données expérimentales initiales ont été recueillies
à l’IMD-2, FZJ (Jülich, Allemagne), comprenant la composition et la formulation du
coulis. Ces données ont été utilisées pour la modélisation DEM des étapes successives
de fabrication (préparation du coulis, coulage sur bande et séchage) sur la plateforme
de calcul haute performance MatriCS de l’UPJV (Amiens, France), reflétant fidèlement
les procédures expérimentales réelles. Le modèle a été calibré à l’aide de données
expérimentales internes, telles que la densité et la viscosité du coulis, ainsi que la
densité et la porosité de la bande verte obtenue. Cette calibration garantit que les
simulations reproduisent les conditions réelles de fabrication. Les simulations DEM
ont confirmé la distribution homogène des matériaux au sein de la microstructure
séchée, comme attendu avant les traitements thermiques. Bien que le modèle suppose
un séchage homogène des particules BDPD, simplification du comportement réel, il
reproduit les mécanismes clés et les tendances pertinentes pour l’étape de séchage,
répondant ainsi aux objectifs de la preuve de concept.

Cette étude démontre que le flux de travail ARTISTIC ne se limite pas aux batteries
mais peut également être appliqué aux technologies SOC. L’intégration de données
d’imagerie et de caractérisation supplémentaires permettra d’améliorer la compréhen-
sion des relations entre les procédés et les performances. Malgré certaines simplifica-
tions, telles que la représentation sphérique des particules, cette méthode constitue,
à ma connaissance, le cadre computationnel le plus complet actuellement disponible
pour relier les paramètres de fabrication aux caractéristiques microstructurales du
substrat d’électrode combustible. Elle fournit également un outil prédictif pour opti-
miser le procédé de coulage et explorer différents scénarios de production avant les
essais expérimentaux. Le Chapitre 3 établit ainsi une base solide pour la modélisation
physique de la fabrication des SOCs. Il offre une stratégie de calcul flexible capable
d’accélérer la conception et la mise à l’échelle des dispositifs de conversion d’énergie,
tout en jetant les bases des analyses et études présentées dans les chapitres suivants.

Sur cette base, le Chapitre 4 introduit un cadre de modélisation hybride destiné à
surmonter le coût computationnel élevé associé aux simulations DEM du coulis à base
de solvant, en particulier lors des ajustements répétés des paramètres FF nécessaires
pour garantir l’accord avec les données expérimentales dans de grands domaines de
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simulation. En intégrant les techniques d’apprentissage profond (DL) aux modèles
physiques, ce chapitre vise à développer une approche hybride pour la simulation
du coulis, maintenant la précision tout en réduisant considérablement les besoins de
calcul.

Le flux de travail débute par la génération d’un jeu de données microstructurales
du coulis à l’aide des simulations DEM de préparation du coulis pour le coulage sur
bande décrites au Chapitre 3. Ces données ont ensuite servi à entraîner le modèle de
DL, basé sur un réseau VGG16 modifié, capable de prédire les microstructures finales
du coulis dans les substrats de FESCs. Afin de préserver l’interprétabilité physique
et d’assurer la précision, les microstructures prédites ont été rééquilibrées par des
simulations DEM. Ce cadre hybride combine ainsi les forces des approches physiques
et des approches fondées sur les données. Le modèle entraîné a atteint d’excellentes
performances prédictives, comme l’indiquent les valeurs élevées de R2 et les faibles
MSE et MAE lors de l’entraînement. La fidélité physique des microstructures prédites
a été confirmée par des analyses RDF. Le modèle a également montré une bonne
adaptabilité lorsqu’il a été testé sur différentes microstructures de coulis, avec un bon
accord entre les microstructures prédites et simulées. Certaines divergences ont été ob-
servées, notamment pour les couches de coulis plus épaisses, ouvrant des perspectives
pour des améliorations futures. Malgré ces limites, l’architecture VGG16 modifiée s’est
révélée être un réseau neuronal robuste pour la modélisation hybride des procédés
de fabrication du substrat, en particulier lors de la préparation du coulis. Le flux
de travail développé met en évidence le potentiel de la modélisation de substitution
fondée sur les données pour accélérer considérablement les tâches de validation et
d’optimisation, autrement dépendantes de simulations physiques coûteuses. Ce tra-
vail représente une étape importante vers des stratégies de modélisation évolutives et
efficaces pour la fabrication des dispositifs de conversion d’énergie.

Le Chapitre 5 présente une approche basée sur l’apprentissage automatique (ML)
visant à prédire l’épaisseur et la densité du substrat d’électrode combustible à travers
trois étapes clés du processus de fabrication : le coulage et le séchage, le frittage
et la réduction du NiO. L’attention se déplace ici du cadre de modélisation physique
développé dans le projet ARTISTIC vers la modélisation fondée sur les données ex-
périmentales dans le cadre du projet ML4SOC.

L’effet de la température sur les propriétés rhéologiques du coulis a été examiné
par des mesures réalisées à différentes températures, révélant qu’une température plus
élevée entraîne une viscosité plus faible. Ce résultat met en évidence le rôle critique de
la température dans le contrôle du comportement d’écoulement du coulis, influençant
directement la qualité de la bande verte après le coulage et le séchage.

Pour garantir la cohérence des expériences, la gestion systématique des données
et la haute qualité des mesures, une stratégie de collecte de données améliorée a été
mise en place. Celle-ci inclut l’intégration d’un ELN pour l’acquisition automatique
in-situ des paramètres de procédé durant le coulage et le séchage, complétée par la
caractérisation sur site des bandes obtenues.

Les modèles ML développés ont montré d’excellentes performances prédictives,
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avec des valeurs de R2 supérieures à 0.9 et des erreurs MAE et RMSE faibles com-
parées aux échelles de mesure expérimentales de chaque variable cible. L’analyse
des données expérimentales a mis en évidence l’influence de paramètres de fabri-
cation difficilement observables, tels que la température, l’humidité et le débit d’air
d’échappement à l’intérieur de la machine de coulage, sur les propriétés du substrat.
Ces résultats ouvrent la voie à une réduction significative des approches empiriques
dans la fabrication des SOCs, en permettant une optimisation et une montée en échelle
guidées par les données.

Dans l’ensemble, les stratégies physiques et basées sur les données développées
dans cette thèse se complètent mutuellement. Les simulations DEM fournissent une
compréhension physique et une capacité prédictive à l’échelle du procédé et de la mi-
crostructure, tout en générant des données synthétiques cohérentes pouvant enrichir
les ensembles expérimentaux. Parallèlement, les modèles ML offrent des moyens
rapides et adaptatifs de révéler des tendances cachées dans des données de fabrica-
tion complexes, soutenant ainsi la prise de décision pour l’optimisation expérimentale
pilotée par les données. La combinaison de ces deux approches établit un cadre
intégrant la modélisation numérique, la production expérimentale et la science des
données. Grâce à cette intégration, la thèse propose une base pour une fabrication
évolutive, reproductible et écoénergétique des substrats d’électrode combustible des
SOCs. Les principales contributions de cette thèse résident donc dans le développe-
ment de nouveaux outils de modélisation, l’intégration cohérente des simulations et
des expériences dans des flux de travail unifiés, et l’application de l’apprentissage
automatique à des défis industriels concrets. Dans l’ensemble, cette thèse montre
comment une telle stratégie combinée peut soutenir une production plus systéma-
tique, reproductible et efficace sur le plan énergétique des SOCs, tout en ouvrant la
voie à leur passage vers des applications industrielles à grande échelle.
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