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Abstract

The transition to a sustainable, zero-emissions society demands the discovery of new
materials that are scalable and cost-effective. Traditional materials development is often
slow and inefficient. This thesis develops a physics-informed Machine Learning (ML)
framework to accelerate the synthesis optimisation and performance prediction of

graphene-based materials for electrochemical energy applications.

A literature review on the role of iron in electrochemical systems motivated the
exploration of Kish graphite, a byproduct of the steel industry, as sustainable and
iron-containing carbon source. This choice aligns with the goal of circular materials
design by transforming industrial waste into high-value catalysts and supports.
Kish-derived materials were investigated as catalysts for the Oxygen Reduction Reaction
(ORR) and as a support for platinum in fuel cells. The high sensitivity of Rotating Disk
Electrode (RDE) measurements to experimental noise, such as variations in ink drying
or electrode preparation, compromised reproducibility. In contrast, capacitance
evaluations using Constant Current Charge-Discharge (CCCD) tests on rGO
synthesized from commercial graphene oxide (GO) demonstrated more consistent and
reliable results. This motivated a focused effort on optimizing capacitance as a more

data-efficient target for ML-guided synthesis.

A physics-informed Gaussian Process model was developed to optimise the chemical
reduction of GO using ascorbic acid. The model incorporates experimentally derived
noise and enforces physically meaningful constraints to ensure scalability. Bayesian
Optimisation was used to efficiently identify optimal synthesis conditions, with the model
validated across different experimental setups and literature data. In the final stage, a
ML model specific to rGO-based supercapacitors was constructed. The model focused
exclusively on graphene-derived materials measured via CCCD in KOH electrolyte,
ensuring experimental consistency but increasing the risk of overfitting. This was
mitigated through domain-informed steps including Mahalanobis outlier detection,
Leave-One-Out cross-validation, and physical interpretability checks. Key drivers of

capacitance identified include nitrogen and oxygen doping and average pore width.

Overall, this work demonstrates a reproducible and physically grounded ML
methodology that integrates experiment-guided synthesis optimisation with data-driven
performance modelling, establishing a transferable framework for sustainable materials

discovery in electrochemical systems.



Impact Statement

This industrial thesis, conducted in collaboration with ArcelorMittal Global R&D,
demonstrates how ML, when combined with domain knowledge and experimental data,
can accelerate the discovery of new materials development for energy applications under
constraints of limited data and physical resources. It addresses key challenges in
experimental materials science, such as experimental noise, limited scalability, and the

tendency of ML models to overfit when applied to specific material families.

The importance of this work is reinforced by recent events, such as the blackout in Spain,
which revealed the vulnerabilities of current energy infrastructures and the urgent need
for more resilient energy systems. In this context, the thesis contributes to the

development of advanced materials for supercapacitors, which enhance grid stability.

A central strength of this work is its industrial relevance. Kish graphite, a byproduct of
the steel industry, is investigated as a sustainable carbon source for synthesising
reduced graphene oxide (rGO). This aligns with circular economy goals and
demonstrates how industrial waste materials can be repurposed for high-performance

applications in energy storage.

Natural graphite is exposed to price fluctuations driven by EV-battery demand and are
classified as critical raw materials by the European Commission. However, the
availability of Kish is linked to the blast-furnace route, which is expected to decline as
the steel sector decarbonises. The approach demonstrated here should therefore be
viewed as a medium-term opportunity to add value to an existing waste stream, rather

than a permanent solution to graphite supply constraints.

Environmental sustainability also extends to the chemistry employed, and the thesis
considers the potential role of bio-derived reductants such as ascorbic acid as greener
alternatives to conventional reagents. In addition, it presents a critical analysis of the
potential for iron to move beyond its conventional structural role and emerge as a

functional component in electrochemical devices.

A major impact of this work lies in its methodological innovation. The strategic
prioritisation of galvanostatic charge-discharge tests, based on their higher
reproducibility compared to rotating disk electrode measurements, demonstrates how
uncertainty analysis can shape scientific strategy and improve research efficiency.
Moreover, the developed Gaussian Process models incorporate experimentally
measured noise and physically motivated constraints, improving robustness,

interpretability, and generalisability.



Additionally, the experimental boundaries applied during the chemical reduction process
were defined by principles of scalability and compatibility with industrial processing. The
application of Bayesian Optimisation to explore synthesis parameters reduced the need

for extensive experimentation, saving time and resources.

Finally, the thesis develops a carefully curated ML model that incorporates physical
correctness, addressing the issue of overfitting in small, material-specific datasets.
Through publication-level cross-validation, targeted feature selection, and physical
interpretability checks, the model identifies nitrogen and oxygen contents and pore

structure as consistent drivers of capacitance.

The approaches developed here are directly applicable to the broader energy materials
community, including work on battery electrodes, electrocatalysts, membranes, and
sustainable polymers. More broadly, this thesis contributes to the foundation of
reproducible, physics-aware ML in materials science, an essential step for moving from

lab-scale insights to industrial-scale impact.
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1 Introduction

1.1 Motivation

One of the most pressing challenges in the energy transition is the rapid development of
electrochemical devices that utilize active materials with low environmental impact. A
common strategy to address this involves replacing highly COz-intensive materials with
alternatives that require less energy and emit fewer greenhouse gases during
production. This approach is currently driving global materials research, with the goal of
achieving electrochemical performance comparable to that of commercially available

materials.

However, the targets set by international agreements and government agencies are
highly ambitious. The Paris Climate Agreement, adopted in 2015, aims to limit global
warming to well below 2°C, with efforts to restrict it further to 1.5°C. Achieving these
goals necessitates reaching carbon neutrality by 2050 [1,2]. At the same time, technical
targets for hydrogen storage systems and fuel cell devices, as defined by the U.S.
Department of Energy [3], require levels of electrochemical performance that current

materials, whether already available or nearing market readiness, fail to meet.
Research into new materials for electrochemical devices faces several key challenges:

e Long and technically complex research and development cycles
e High initial capital investment required to scale up production of newly developed
active materials

e Limited funding opportunities for high-risk, potentially disruptive research

These challenges have hindered the emergence of economically viable material
technologies for batteries, particularly among new companies in Europe and the United
States. As a result, recent progress has primarily come from incremental improvements
made by large corporations with the resources and risk tolerance to invest heavily in
research and development. Most of these enhancements focus on increasing lithium-ion

cell capacity and are led by multinational chemical companies.

Nevertheless, there is a growing consensus that incremental improvements alone will be
insufficient to meet the future energy demands of a zero-emissions economy, particularly

in terms of both energy density and power density.
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One key reason for the limited progress in battery innovation is the intense pressure that
original equipment manufacturers (OEMSs) place on battery suppliers, which leaves little
room for disruptive innovation. Additionally, in an era dominated by demanding
shareholders and large-scale mergers (such as the Dow-DuPont merger), market
pressure to deliver short-term profits often results in reduced R&D budgets. This
environment favours low-risk, incremental improvements and discourages impactful and

potentially transformative advances in energy storage technologies.

Commercialising new materials, whether for batteries or other applications, is notoriously
difficult. This holds true for both large corporations and start-ups. A published analysis
[4] highlights the stark reality for battery technology start-ups: among 36 companies
analysed, only two achieved positive exits, meaning that the return on investment
exceeded the capital invested (return > 1x). Seventeen of the remaining companies
managed to reach early commercialisation, defined as either pilot-scale manufacturing
or the establishment of a development agreement with a major industry player. Even in
these relatively successful cases, the average time required to reach early

commercialisation was eight years.

Several key factors explain the long timelines, high risks, and substantial costs
associated with innovation in electrochemical energy storage technologies, particularly
lithium-ion, sodium-ion, and next-generation battery systems (e.g., solid-state and

multivalent batteries):

e The synthesis of new materials typically begins at the laboratory scale, with small
batch sizes and mostly manual procedures. Scalability is not a primary concern

at this stage, as the focus is on discovering novel properties.

e Achieving precise control over materials at the nanoscale is key. The targeted
performance of new storage systems depends on carefully engineered
physicochemical properties. This necessitates rigorous control over synthesis
methods, extensive and accurate characterisation of the materials, and high

batch-to-batch reproducibility.

As a result, the development cycles for electrochemical energy storage materials and
battery technologies often span 10 to 15 years from conception to realisation in real
applications, as an energy storage device must simultaneously satisfy challenging
requirements in terms of energy density, power capability, safety, lifetime, and cost under
realistic operating conditions. The initial stages are usually supported by university-
based research, with scale-up studies typically beginning around the fifth year. It may

then take an additional five years to achieve full techno-economic validation. Figure 1-1

19



below illustrates the concept of Battery Technology Readiness Levels (BTRL), which
provides a structured framework for assessing the maturity of battery technologies from
early-stage research to full industrial deployment. The figure maps the different
development phases, ranging from fundamental materials discovery at laboratory scale
to large-scale manufacturing and market implementation, highlighting the increasing

complexity, validation requirements and investment associated with each stage.

Battery Technology Readiness Level (BTRL)

BTRL-1 BTRL-2 BTRL- 3 BTRL-4 BTRL-5-6

Proof-of-concept
prototype

™

Research prototype

g

Scientific New class Proven Proven Material scale-up,
Breakthrough of materials performance performance in cell testing and
synthesized in half cells lab-scale full cells scale-up to pack

Figure 1-1. Battery Technology Readiness Level (BTRL). Reproduced from Crabtree [5].

The figure shows that the pathway from laboratory innovation to commercial deployment
in electrochemical energy-storage systems is long and resource-intensive, typically
requiring more than a decade of sustained effort. This reflects the difficulty of
simultaneously optimising electrochemical performance, safety, durability and cost under

realistic operating conditions.

Over the past three decades, advances in computational science have greatly
contributed to materials discovery, leading to the development of numerous
computationally designed composites and the on-demand availability of ab initio

predicted properties.

Currently, the most widely used approaches for understanding and predicting materials
synthesis combine experimental observation, physics-based modelling, and data-driven
learning. In situ X-Ray Diffraction [6] (XRD) provides real-time experimental insight into
phase transformations during synthesis. Ab initio thermodynamic modelling [7,8],

grounded in quantum-mechanical calculations, captures the fundamental energetic and
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kinetic factors governing material formation. In parallel, Machine Learning (ML) methods
[9,10] have emerged as a complementary approach, capable of identifying empirical
relationships and optimising synthesis parameters when direct physical modelling is
computationally intractable or when data from multiple sources must be integrated. In
organic chemistry, ML-assisted synthesis design has benefited from extensive reaction
databases such as Reaxys [11], which contains more than 57 million elementary
reactions. These reactions enable the use of retrosynthetic analysis, a method that
breaks down target molecules into simpler precursor structures, in order to design

scalable synthesis routes based on commercially available starting materials.

Although there are also several databases for the ab initio calculation of electronic
structures in inorganic materials (Materials Project [12], Open Quantum Materials
Database [13], Novel Materials Discovery [14], AFLOW [15]), these primarily contain
calculations of perfect crystalline structures, two-dimensional materials and/or
gas-phase molecules. As a result, a retrosynthetic-like analysis for inorganic compounds
is not possible. The prediction of synthesis methods for these materials remains limited,

as the existing data does not capture the complexities of real-world synthesis.

In this context, the application of ML to inorganic synthesis is typically focused on
identifying empirical patterns in fabrication techniques. This is achieved through
large-scale text mining of the scientific literature using natural language processing
techniques, ranging from classical NLP methods to modern large language models

(LLMs), rather than through first-principles prediction of reaction pathways.

Most recent advances involve developing natural language processing (NLP) pipelines
to mine synthesis recipes, precursor selections, and reaction conditions from published
papers, enabling the construction of large, structured datasets for downstream ML tasks
[16]. However, it is important to note that while the primary focus is on empirical pattern
recognition via text mining, there is growing interest in integrating these data-driven

methods with physics-based or first-principles approaches [17].

Currently, there is no database that systematically compiles analysable information from
the thousands of experiments conducted daily in universities and research centres
focused on the synthesis of new materials. This lack of structured and accessible data
makes it difficult, and sometimes even impossible, to transfer computational predictions

to the laboratory or to reproduce the fabrication of promising materials.

ArcelorMittal is one of the world’s leading steel companies. It holds a dominant position
in major global steel markets, including automotive, construction, household appliances,

packaging, and energy [18]. The company is also one of the world’s leading producers
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of iron ore, with more than 40 million tonnes of iron produced in 2024. Decarbonisation
targets of ArcelorMittal are the most ambitious of any steelmaker, with the objective of
reducing CO2 emissions up to 35% by 2030 and reaching net-zero by 2050. These efforts
are supported by multi-billion-dollar investments in the company operations, which are

aimed to ensure technological readiness towards the future zero-emissions steelmaking.

To support the company’s net-zero strategy, the following two research questions have

been formulated and are addressed in the literature review of this thesis:

1. How can iron, in its various forms, contribute to the development of new
electrochemical devices?
How can ML support research on graphene as a material for supercapacitors?
How can physics-informed ML approaches integrate insights from both iron- and
carbon-based systems to accelerate the discovery of sustainable electrochemical

materials?

The first question is addressed by initially explaining the fundamental electrochemical
properties of iron, followed by a discussion of how these properties translate into
functional roles in electrochemical devices, supported by several examples. The second
is explored through a review of the current state of graphene-based supercapacitors,
including recent commercial developments, and key findings from the scientific literature,

with particular attention to the role of ML.

Based on insights drawn from these literature reviews, two research gaps are identified
and described. These gaps form the foundation for the chapters presenting the results
of the investigation conducted in this thesis; in chapter 3 Kish, a steelmaking byproduct
containing graphite, is analysed as a catalyst for the Oxygen Reduction Reaction (ORR).
The experimental uncertainty associated with this analysis is described and compared
with that of an analogous study on the capacitance of rGO chemically reduced under
different time and temperature conditions. Based on the findings of this chapter, Chapter
4 explores the use of physics-informed Gaussian Processes, an increasingly adopted
ML technique, to guide the synthesis of rGO materials with the aim of maximising their
capacitance. Finally, Chapter 5 introduces a new ML model that relates rGO capacitance
to its fundamental physicochemical features. Innovative techniques are applied to both
the model construction and evaluation stages, aiming to address the limitations of current

models identified in the literature review.
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1.2 Literature Review: The Role of Iron in Electrochemical
Devices

Iron is one of the most abundant elements on Earth. The development of human
technology has been strongly linked to this element since the earliest days of our history,
serving as disruptive material for advanced weapons and tools in the Iron Age (~1200
BC), supporting the development of high-distance transportation of iron-locomotives
running on iron-rails that led the industrial revolution, and providing an outstanding and
tremendously versatile offer of steels for automotive that allowed the expansion of this

industry in the 20th century.

Steel, an alloy primarily composed of iron and carbon, represents the most economically
and technologically important form of iron today. More than 3,500 different grades [19]
of steels are available with many different physical, chemical, and environment
properties, out of which around 75% have been developed in the last 20 years. Modern
industry is now about to pass through a new radical transformation, with the ambitious
target of replacing the energy-intensive model that was established in the previous
industrial revolutions by a new one with no CO, emissions and with a much more

sustainable use of materials.

Being 100% recyclable, iron and steel are clearly seen as examples of materials that fit
quite well in this circular economy picture, so construction and mobility sectors will still
require steel mills as a source of material. What is not so obvious is the notorious
importance that iron is gaining in the field of new electrochemical devices and systems.
This section of the literature review aims to present a general and critical view about the
role of iron in electrochemical devices. Electrochemical devices are systems that convert
or store energy through chemical reactions occurring at the interface between electrodes
and electrolytes. They include technologies such as fuel cells, batteries, and
supercapacitors, all of which rely on materials capable of efficiently catalysing or storing
charge through redox or interfacial processes. Starting from some basic properties of
iron from an electrochemical point of view, a suite of references including key actors in
the energy storage field of research are introduced. Finally, other uses of iron in the

future green economy are described.

Figure 1-2 provides an overview of the diverse functions that iron and iron-based
materials can play in different electrochemical energy-conversion and storage systems.
The schematic groups the roles of iron according to device type, including its use as an
active catalytic centre or current collector for fuel cells, as a cathode or anode in batteries,

and as a structural material for battery casing or hydrogen pipelines.
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The figure emphasises the versatility of iron in electrochemical systems, ranging from its
role in molecular catalysis to its use as a structural material in device construction. This

multi-level functionality forms the conceptual basis for the literature review that follows.
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ca.thocj\e catalyst
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Figure 1-2. Summary of the various roles of iron in electrochemical devices.
1.2.1 Iron Basics

Iron is a metal with atomic number 26 and 55.845 standard atomic weight. In its solid
form, iron can form crystals with different arrangements named allotropes and denoted
by the Greek letters q, y, & and €. Of those, a-Iron is the stable phase below 912°C. In
this phase, iron has a body-centred cubic crystal structure, and it is ferromagnetic up to
767.85°C, known as its Curie temperature. Pure iron is a silvery-white soft metal of little
use in industry. This is because it rusts rapidly in moist air and its mechanical properties

are limited compared to carbon-alloyed counterparts.

The electron configuration of iron is [Ar] 3d® 4s?, and its known oxidation states range
from -1l (d'°) to +VIII (d°). Of those, the most stable and widespread are Il (d°) and IlI (d®)

corresponding to the ferrous and ferric states respectively [20].

Iron (1) exists in various coordination geometries and spin states, forming salts with
nearly all anions. This ability to create a wide range of complexes is key for
understanding its opportunities and limitations as an electrochemically active material.
Complexing agents can change the reduction potential of iron (1) in aqueous solution as
well as its stability. The majority of iron (lI) complexes are octahedral; however,

tetrahedral and five-coordinate compounds are also known [21].
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Iron (lll) forms salts with all common anions except for those which are strong reducing
agents such as iodide. In the absence of coordinating ligands, the following equilibria are

important:

[Fe(H,0)4]3* = [Fe(H,0)s(OH)]+ + H* Equation 1-1
[Fe(H,0)s(OH)]** = [Fe(H,0),(OH),]T + H* Equation 1-2

4+
2[Fe(H;0)6]* = [(Fe(H20)4(0H))2] +2H" + H,0 Equation 1-3

If the pH rises above 2-3, colloidal gels begin to form, eventually leading to the
precipitation of reddish-brown hydrous iron (lll) oxide. This precipitate is responsible for
the low solubility of iron (l1l) at pH 7. In the presence of complexing anions like chloride,
the hydrolysis of iron (lll) becomes more complex, resulting in the formation of chloro,

aqua, and hydroxy species, as well as [FeCl,]™ at high chloride concentrations.

Due to its versatile chemistry, iron complexes have been studied thoroughly as active
materials in numerous works related to fuel cells and redox flow batteries. Table 1-1

below summarises some of these works.

Figure 1-3 shows the Pourbaix diagram of iron in aqueous solution at 25 °C. The diagram
maps the thermodynamically stable phases of iron as a function of pH and
electrochemical potential, indicating the regions where metallic iron, iron
oxides/hydroxides, or soluble iron ions are expected to be stable. The water-stability
window is also shown, delimiting the domain where hydrogen or oxygen evolution

reactions are not thermodynamically favoured [22].

In the figure above, the region of water stability is shown as a dotted blue line. The
boundaries of the stability domains, meaning the areas in the Pourbaix diagram where
each phase of iron (metallic, oxide, or hydroxide) is stable against corrosion or

transformation, are as follows:

1. Feyy = Fe** 4+ 2e™ || Eg = —0.44 4 0.0295 log Fe**

Fe3+
Fe2t

2. Fe?* 2 Fe3* +e™ || E, = 0.771 4+ 0.0591 log
3. 2Fe** + 3H,0 = Fe,03() + 6H" || Eg = —0.72 — 3pH

4. 2Fe®* +3H,0 = Fe,05) + 6H* +2e~ || Eo = 0.728 — 0.1773pH —
0.0591 log Fe?*

5. 3Fe?* + 4H,0 = Fe30,s + 8H* + 2e™|| E; = 0.980 — 0.2364pH —
0.0886 log Fe?*

6. 2Fe;0,) + Hy0 = 3Fe,055) + 2H* + 2e™ || By = 0.221 — 0.0591pH
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Table 1-1. Examples of iron complexes as active materials in fuel cells and redox flow batteries.

Complex Role Type_ i Solvent Ref.
reaction
N-doped porous carbon that
anchors both atomically dispersed Water + KOH, [23]
Fe-N4 sites and Fe atomic clusters methanol
(FEAC@FeSA-N-C)
ORR HCIO4
graphene encapsulated !
with
Fe/Fe3C nanocrystals- I
, , addition [24]
Fe-Nx configurations of NaSCN
(Fe@C-FeNC) KOH
[2Fe2S] complex 1:1 DMF:acetate [25]
Fe-phosphido dimer complex Catalyst THF: H20 [26]
[FeFe]—hydrogenase attachegl lto a aqueous MeCN [27]
fluorene or silafluorene sensitizer
, HER
[FeFe]-hydrogenase linked to
pyridylphosphole encapsulated in
the caged complex CH3CN, TFA or [28]
PSCageFe4(Zn-L)6 , formed of six H20
zinc porphyrin ligands linked by four
iron(ll) centers,
tris(2,2'-
bipyridine)iron(ll)tetrafluoroborate propylenecarbonate | [29]
84/16 vol.%
iron(lll) acetylacetonate Fe acetonitrile/1,3- [30]
Catholyte oxidation dioxolane
[Fe(phen)3]2+/3+ (phen = 1,10-
phenanthroline) CH3CN [31]
Fe(CN)6 Water + KOH [32]
Fe(DIPSO) Anolvie Fe Water + KOH [32]
[tris(imino)pyridine)Fe][OTf]2 y reduction acetonitrile [33]

According to Figure 1-3, iron can be classified as a base metal, as its thermodynamic
stability domain at 25 °C and atmospheric pressure does not overlap with that of water.
Consequently, iron is unstable in the presence of water and many aqueous non-oxidising
solutions, and it corrodes in such environments with the evolution of hydrogen gas. This
reaction is particularly intense in acidic solutions and gradually decreases in intensity as
the pH increases. Between approximately pH 10 and 13, iron does not corrode due to
the formation of a protective oxide film on its surface. However, at pH values above 13,

even in the absence of oxidising agents, the solutions become corrosive once again.

The electrode potential of iron immersed in solution increases in the presence of
oxidising agents. The addition of such compounds can either lead to partial or complete

passivation of the metal, or, conversely, enhance its corrosion rate. The outcome
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depends on whether the resulting increase in potential is sufficient to shift the metal into

the passivation domain.

Figure 1-3. Pourbaix Diagram of Iron in water at 25°C. Reproduced under CC BY-SA 3.0 license from
Metallos [22].

The ease with which iron is passivated by oxidising agents increases as the range of
electrode potentials allowing corrosion becomes narrower. Passivation in iron is
relatively difficult, or even impossible, at pH values below approximately 8. It becomes
progressively easier at pH values above 8 and is particularly favourable in the range
between pH 10 and 12.

Steel is an alloy made up of iron with a few tenths of a percent of carbon and with a mix
of different iron-family crystalline domains, filled with vacancies, dislocations, interstitial
and substitutional atoms coming from different alloying elements like manganese, nickel,
chromium and many others. Steel is the most widely used metal in the world and the
second most consumed material by humans, after concrete. The combination of
strength, toughness, weldability, electrical conductivity, magnetic properties and
recyclability makes steel the material of choice for multiple massive applications like

automotive, energy structures, construction, packaging and house appliances.

The unique combination of steel’s outstanding properties is also being considered in the
design of structures for both energy storage and generation, serving as a key material to
accelerate the energy transition to a net zero carbon emission economy. Steel is present

in different parts of Electric Vehicles’ battery pack system [34], electric motors [35,36],
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wind turbines and solar installations [37], fuel cell bipolar plates [38], metal-air and redox

flow batteries, to name a few examples.

Steel can be produced via two primary routes: the electric arc furnace route and the blast
furnace route. The electric arc furnace (EAF) process uses scrap metal as the raw
material, which is melted by the high temperatures generated from an electric arc formed
between the scrap and graphite electrodes inside the furnace. In contrast, the blast
furnace route begins with iron ores as the primary input. These ores are smelted in the
blast furnace to produce liquid iron, which is subsequently refined in the steel shop to

produce molten steel.

During the transfer of liquid iron from the blast furnace (typically around 1400-1500°C)
to the steel shop, it is common for the temperature to drop by approximately 100 °C [39].
While this temperature loss may be viewed as a drawback in terms of energy efficiency,
it also presents a secondary effect that could be considered an opportunity. Specifically,
this effect can be explained by the temperature-dependent solubility of carbon in liquid
iron, as described in the Iron-Carbon phase diagram (Figure 1-4, below). This diagram
describes the equilibrium phases formed as a function of temperature and carbon
content. It defines the phase fields corresponding to austenite, ferrite, cementite and

liquid iron, as well as the eutectic and eutectoid transformations that occur during cooling.

As mentioned before, the temperature of iron when it is extracted from the blast furnace
is around 1400-1500°C and it has a carbon percentage between 4 and 4.5% [39]. Thus,
according to Figure 1-4, this means that a temperature loss under these conditions
generates an excess in carbon which crystallises as graphite. In fact, this graphite also
contains iron oxides, magnesium oxides and other oxides and silicates, either on top or
intercalated between the graphene layers, and it is known as Kish graphite [40-42]. The
origin of the oxide/silicate impurities is the use of scrap and other feed materials to both

mitigate the loss of temperature and the oxidation of iron during its transportation.
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Figure 1-4. Iron-carbon phase diagram, reproduced from Foll [43].

Kish graphite it is a well-known material in the graphene research community, and it is
used by hundreds of research groups to make graphene by mechanical exfoliation,
pioneered by the Nobel Laureates [44]. Kish graphite is an excellent precursor for
graphene as predicted by several studies [45,46]. Graphene coming from Kish Graphite
has five times higher electron mobility than pure chemical vapour deposition (CVD) made
graphene, according to Japanese researchers [47]. Another study from Korean
researchers showed that graphene coming from Kish has less defective structure than
when it is obtained from Natural Graphite [48]. The origin for the higher crystallinity may
be the formation of the crystal under liquid iron, a very smooth surface that energetically
favours the generation of large basal crystal domains. Kish has also been studied as
cathode for aluminium chloride-graphite batteries [49], achieving energy and power
densities up to 65 Wh-kg' and 4363 W-kg™, respectively.

Given the electrochemical versatility of iron and its complexes, multiple examples of
research work that use iron as active element for energy storage can be found both in
the literature and in the market [50,51]. Moreover, as previously discussed, Kish graphite,
as a byproduct of iron manufacture, can be used as a source of pure graphite and its
multiple nanosized forms like nanographene, multilayer graphene or graphene, which
can be potentially used as electrodes and/or conductive additives in multiple
electrochemical devices. A summary of some of these activities is presented here, with
the focus on the use of iron in Proton-Exchange Membrane Fuel Cells (PEMFCs), Li-ion,
Li-Sulphur and redox-flow batteries, followed by the potential of graphene, which can be

extracted from Kish, as active material in supercapacitors.
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1.2.2 Iron in PEMFC

Proton Exchange Membrane Fuel Cells (PEMFCs) are electrochemical devices that
convert the chemical energy of hydrogen and oxygen directly into electricity, with water
and heat as the only by-products. Nanosized platinum on carbon (Pt/C) is the most
commonly used catalyst for PEMFCs. However, the high cost, insufficient activity and
limited stability of commercial Pt/C make it difficult to meet the US DOE targets [52].
Among these targets, the United States Department of Energy cost goals for integrated
PEMFC power systems and fuel cell stacks operating on direct hydrogen for
transportation applications is 40$-kW-' at 500,000 systems per year production [53]. With
platinum as reference material, cost breakdown estimations for 0.125 mgpeicm systems
indicate that catalyst would be responsible for more than 40% of the total cost at 500,000
systems per year production rate [54], i.e. the largest single component of the PEMFC
stack cost at high volume production. Thus, there is a motivation to reduce or eliminate
platinum levels in catalysts to both meet cost targets a[nd mitigate dependence on

precious metal imports.

Compared with noble metal catalysts, non-noble metal catalysts, such as transition
metal-nitrogen—carbon (M-N-C, M =Fe, Co, Ni, Cu, etc.) catalysts or transition metal
oxide catalysts, have natural electrocatalysis and price advantages [55]. In a progressive
evolution from 2010 to 2020, synthesis approaches diverged from those centred around
carbonaceous supports and hard templates to those targeting carbon-rich matrices
generated from M-, N-, and C-containing metal organic framework (MOF) precursors
[56].

As previously described, iron complexes have been studied thoroughly as active
materials in numerous works related to fuel cells and redox flow batteries due to their
versatile chemistry. Iron-series elements, due to their unique electronic structure and low
crystal field splitting energy, are facile for forming metal complexes with weak field
ligands (such as ligands with P and N as coordination atoms) [57]. High-spin iron series
complexes can also change the spin state through spin crossover, resulting in the
reduction of the reaction energy barrier for promoting the Oxygen Reduction Reaction
(ORR). As aresult, iron is one of the most preferred candidate metals to replace precious
metals as ORR catalysts. In recent years, iron series compounds, such as oxides,
chalcogenides, carbides, phosphates and nitrides, have been incorporated within carbon
matrix as high-performance ORR catalysts [58,59]. The introduction of carbon matrix not
only provides an excellent conductivity framework but also prevents the agglomeration
of iron-series compounds [60]. This agglomeration prevention enhances the presence of

single-atom sites, with higher activity than clusters and nanoparticles [61]. At the same
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time, iron-series elements can modify the electronegativity of carbon, thereby enhancing

the catalytic activity of the material [62].

Dominguez et al. [63] studied the performance of Fe, Co, and Mn as non-precious metal
catalysts (NPMCs) for the oxygen reduction reaction (ORR) in acidic conditions. They
use a 4-step process with physicochemical, thermal, and acid treatments to prepare
NPMCs starting from M-phthalocyanines and N-modified active carbon as precursors.
They find that pyrolysis is essential for creating active and stable catalysts by
incorporating the metal and forming graphitic-N groups. Fe-based NPMCs show higher
ORR activity than Co and Mn-based ones, indicating that the choice of transition metal

is crucial, with Fe being the most effective.

The superior properties of Fe as a catalyst are also supported by ab-initio calculations.
Luo et al. [64] combined Density Functional Theory (DFT) calculations with Machine
Learning techniques to identify high-performance carbon-based double-
atom/nanocluster electrocatalysts for ORR under alkaline conditions. A total of 1200
potential catalysts were screened, including three metal-nitrogen-co-doped graphene
coordination structures and 20 different elements, covering transition metals, noble
metals, and rare-earth elements. Guided by ML, the authors found that the Fe-Ce
double-atom catalyst is the best performing ORR catalyst in the sample space. In their
recent study, Wu and Zelenay [65] analysed the current understanding of how the atomic
structure of M-N-C catalysts correlates with their activity and stability under acidic

conditions, supported by DFT calculations.

Stability under low-pH conditions is in fact one of the major challenges for the realisation
of commercial Fe-N-C based catalyst that can replace Pt in PEMFCs [65,66]. As stated
by Holby et al. [67], demetallation is thermodynamically favourable over FeN4C13s phases
under acidic conditions, limiting the long-term stability of active sites in PEMFC cathodes.
Figure 1-5 illustrates the superior catalytic activity of iron-based complexes compared to

other alternatives that are also free of platinum group metals (PGM-free).

In this recent study [68], the authors present an innovative method to enhance the
catalytic performance of Fe-based single-atom catalysts using a salt-template
polymerisation technique. This method adjusts both the first and second coordination
shells of Fe-N. isolated atoms. According to the authors, this dual adjustment
redistributes charge density, lowers the d-band centre, and weakens the binding of
oxygenated intermediates, thereby improving oxygen reduction reaction activity. A single

Fe atom electrocatalyst was designed and synthesized with this optimized structure in
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nitrogen and sulphur co-doped graphene. FeCls-6H,O was used as the precursor, with
Fe(lll) acting as both initiator and oxidant for the in situ oxidative polymerisation of

rhodamine monomers.
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Figure 1-5. (a) Activity and performance evolution of PGM-free catalysts from 2010 to 2020. Full symbols:
not iR-corrected; hollow symbols: iR-corrected. Synthesis method: CB, carbon support + organic
precursor; HT, hard template; MOF, metal organic framework. Reproduced with permission from Osmieri
et al. [56]. (b) Volcano Plots for Two- and Four-Electron ORR Pathways: DFT Onset Potentials and
Experimental Current Densities as a Function of HO* Binding Free Energy (GHO). Reproduced with
permission from Sun et al. [69].

Additionally, Fe acted as a catalyst during the subsequent pyrolysis of the complex,
promoting the decomposition of carbon precursors and leading to the formation of
graphene sheets. This catalyst surpasses benchmark Pt/C in ORR activity and shows
superior stability in Zn-air batteries, paving the way for advanced single metal atom

catalysts through precise atomic structure regulation.

1.2.3 Iron in Lithium-lon Batteries

LiFePO4 is a well-established cathode material for lithium-ion battery applications that
has found a recent renaissance due to its low-cost and superior safety characteristics to
high-energy density materials such as LiNIMNnCoO2 (NMC), and because of the relative
safety of the material can be manufactured into large-format cells for electric vehicles,
increasing cell-to-pack energy density. These properties also make them suitable for
grid-scale energy storage devices for intermittent power generation by windmills and
solar cells. Among the several candidates of choice for lithium-ion battery cathode
materials, LiFePOQy is reported to be inexpensive, nontoxic, and environmentally benign

with a flat potential of 3.5 V versus lithium [70].

Significant efforts have been made to address the inherently low electrical conductivity
of LiFePO4 [71-74]. The most common approach to overcome this is by coating the
LiFePO4 nanoparticles with carbon. Carbon coatings are usually formed during LiFePO4

synthesis, in which an organic precursor (the carbon source) and the inorganic raw
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materials are mixed together. Then, heating the mixture in an inert or reducing
atmosphere results in the simultaneous formation of conducting carbon and LiFePOa..
Cai et al. [75] synthesized LFP cathode materials using amorphous carbon, carbon
nanotubes (CNTs), and graphene (G) as conductive materials via sand milling and spray
drying processes and followed by calcination. The initial discharge specific capacity
increases in the order of LFP/C (150.3 mAh-g"') < LFP/C/CNTs (155.7 mAh-g") <
LFP/C/G (159.7 mAh-g™") < LFP/C/G/CNTs (164.5 mAh-g™*) at 0.1 C. LFP/C/G/CNTs also
exhibited considerable discharge specific capacity (99.5 mAh-g™') at high current of 5 C.
The superior electrochemical performance of LFP/C/G/CNTs is attributed to the
synergistic effect of CNTs and G on decreasing charge transfer impedance by

constructing highly three-dimensional conductive network.

Three-dimensional (3D) porous LiFePO./graphene aerogel (LFP/GA) composite was
successfully prepared by an in-situ hydrothermal process by Du et al. [76]. An aerogel
composite with 10% of graphene displays the best electrochemical performance, with
the specific discharge capacities of 168 mAh-g™' and 155 mAh-g™" at 0.1C and 1C,

respectively, and the capacity retains 96.3% for up to 800 cycles.

Chien et al. [77] tested graphene oxides (GOs) of various morphologies as conductive
additives, including pristine GO, three-dimensional GO, and hydrothermal porous GO
(HTGO) as a component of LiFePOJ/carbon composite cathode using a method involving

sol—gel processing, spray-drying, and calcination.

Ma et al. synthesized low-cost organometallic complex, Zn(OAc)2—diethanolamine
(Zn(OAc)2:-DEA) [78] as a binder and an additive in the LFP electrode. The researchers
reported a high capacity of 169 mAh-g™' for this material, approaching the theoretical
capacity of 170 mAh-g™', at the rate of 0.2C, 150 mAh-g™" at the rate of 1C, and
86 mAh-g~" at a high rate of 20C. The electrode also has excellent cycling performance,
showing a low-capacity decay rate of 0.03% per cycle over 1500 cycles at 5C. These are

relevant improvements in comparison to the nonmodified PVDF-based LFP electrode.

Literature on LiFePO4 is predominantly based on nano-sized materials because this
range is beneficial to the high-power applications as it can shorten the solid-state
diffusion distance within LiFePOs. In addition, coating LiFePO4 micro particles with
uniform carbon coatings by calcination of carbon sources is difficult to achieve because
inhomogeneous mixing between the carbon sources and the LiFePO, particles. In fact,
a straightforward way to overcome the problem of low electronic conductivity is to reduce
the particle size to the nanometer range. However, this size range limits the tap density,

reducing the volumetric energy density of the battery. On the other hand, the calcination
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process may be environmentally problematic. Guo et al. [71] described the utilisation of
micron-sized LiFePO4, which has a higher tap density than its nano-sized counterparts,
by applying a conducting polymer coating on its surface with a greener diazonium
chemistry. The coated micron-sized LiFePO., compared with its pristine counterpart, has
shown improved electrical conductivity, high-rate capability and excellent cyclability

when used as a ‘carbon additive free’ cathode material for rechargeable Li-ion batteries.

Table 1-2. Summary of studies on lithium-ion batteries using iron-based materials.

Material mAh/g | Rate (C) | Ref

165 0,1 [71]

LiFePO4 (1 mm) + Polyphenylene ~135 1 [71]
~115 10 [71]

LiFePO4 (10-200nm) + Amorphous Carbon | 150,3 0,1 [75]
LiFePO, (10-200nm) + AC + CNTs 155,7 0,1 [75]
LiFePO4 (10-200nm) + AC + rGO 159,7 0,1 [75]
LiFePO,4 (10-200nm) + AC + CNTs +rGO | 164,5 0,1 [75]
LiFePO4 (10-200nm) + AC + CNTs + rGO ~145 1 [75]
LiFePO4 (10-200nm) + AC + CNTs + rGO 100 ) [75]
LiFePO4 (2 mm) + rGO-5% 159 0,1 [76]
LiFePO, (1 mm) + rGO-10% 168 0,1 [76]
LiFePO4 (1 mm) + rGO-10% 155 1 [76]
LiFePO, (1 mm) + rGO-10% 131 5 [76]
LiFePO, (1 mm) + rGO-10% 115 10 [76]

. 160,2 0,1 [77]

LiFePO4 + rGO 1322 0 7

169 0,2 [78]

LiFePO4 + Zn(OAc).'DEA 150 1 [78]

86 20 [78]

155,6 0,1 [79]

V-doped LiFePO4 ~130 1 [79]

~100 3 [79]

In this work [79], several V-doped LiFePO4/C composites were prepared via a solid-state
method. The LiFe1V PO4/C (x=0, 0.01, 0.02, 0.03) cathode materials (VO, V1, V2, V3)
exhibited enhanced electrochemical performance. V2 samples showed discharge
capacities as high as 155.6, 150.2, 136.0, 122.4 and 93.1 mAh-g" at 0.1, 0.2, 0.5, 1.0
and 3.0C, respectively, and approximately 100% capacity retention after 100 cycles at
1.0C. Table 1-2 provides a summary of recent studies on lithium-ion batteries utilising
iron-based materials, highlighting their compositions, synthesis methods, and

electrochemical performance.
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1.2.4 Iron in Lithium-Sulphur Batteries

Lithium-Sulphur batteries have theoretical specific capacities as high as 1675 mAh-g™
and an energy density of 2600 Wh-kg"' [80,81]. Moreover, this technology may
significantly reduce raw material costs and enhance operational safety compared with
established Li ion chemistries. In addition, transition metal sulphide-based electrodes
offer the advantage of high capacity via a conversion mechanism, in contrast to the
intercalation mechanism of conventional cathodes [82]. An example is the primary
Li-FeSx battery, which features a lithium anode, an iron sulphide cathode, and lithium

iodide in an organic solvent blend as the electrolyte.

The iron sulphide cathode can be in both the monosulphide (FeS) and disulphide (FeS,)

forms, following these reactions (discharging from left to right):

-Positive electrode:

FeS, + 4e~ S Fe + 252 Equation 1-4
-Negative electrode:
Fe® s Fe?* + 2e~ Equation 1-5
-Overall reaction:
4Li + FeS, S Fe + 2Li,S ; E° = +1.8V vs.SHE Equation 1-6

Whereas sulphide-based solid electrolytes suffer from oxidative decomposition in
contact with high voltage intercalation electrodes, the lower redox potential of FeS,
possibly better agrees with the oxidative stability limit of thiophosphates. This constitutes

an additional advantage for using FeS; as a cathode active material [83].

Jin et al. [81] synthesised carbon-coated iron disulphide (FeS.@C) nanoparticles by the
combined plasma evaporation method and sulphurisation. When employed in
lithium-sulphur (Li-S) batteries, the Fe-S covalent interactions effectively suppress the
formation and shuttling of polysulphides during charge—discharge cycles. Meanwhile, the
carbon coating accommodates the volume expansion of the FeS, core and improves the
electrical conductivity of this otherwise poorly conducting material. As a result, the
dual-constrained FeS>@C nanoparticles deliver high specific capacities and excellent
cycling stability, even under ultrafast charging conditions (10 A-g™"). Although the study
primarily focused on Li—S systems, similar structural advantages could contribute to

improved cycling stability in Li-ion batteries as well.

Dewald et al. [83] prepared FeS, nanoparticles with various size distributions and

characterized their electrochemical performance in solid-state batteries. Reduced FeS;
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nanoparticle sizes showed a positive impact on the total capacity and rate capability,
highlighting the potential of nanosized FeS, as cathode active conversion materials in

solid state batteries.

Rechargeable magnesium batteries (RMB) are of particular interest due to the abundant
magnesium resources and high volumetric capacity (3833 mAh-cm™), as well as the
uniform deposition of the anode. To achieve high-energy-density RMBs, researchers are
focused on developing novel cathode materials that are not necessarily
magnesium-containing [84]. This is because traditional Mg-based materials, often exhibit
sluggish Mg?* mobility and low operating voltages, which are major limitations for battery
performance. Shen et al. [84] demonstrated a FeS; nanomaterial cathode with reversible
capacity of 679 mAh-g™ at 50 mA-g' and energy density of 714 Wh-kg™". This is superior
to those of all previously reported metal chalcogenide cathodes in RMBs or hybrid
batteries using a Mg metal anode. Notably, the as-assembled FeS,—Mg battery can

operate over 1000 cycles with a good capacity retention at 400 mA-g~".

Wu et al. [85] demonstrated a pulverisation phenomenon of ultrathin carbon-coated
Fe;_xS nanoplates during the first discharge process of a sodium-ion battery. This
resulted in the formation of 5 nm Fe1«S nanoparticles, strongly embedded in the carbon
matrix, which prevented aggregation. Additionally, researchers demonstrated both
experimentally and through theoretical calculations that sodium adsorption and diffusion
energy barriers were reduced. This sodium-ion battery, using iron sulphide as anode,
showed a high reversible capacity (the amount of charge that can be repeatedly stored
and released during cycling), reaching 610 mAh-g™ at 0.5 A-g™'. A comparative summary
of recent advancements in lithium—sulphur batteries using iron-based materials is

provided in Table 1-3.
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Table 1-3. Overview of research on lithium-sulphur batteries with iron-based components.

Material

Specific capacity
(mAh/g)

Current
Density (A/g)

Coulombic
Efficiency (%)

Energy density
(W h /kg)

Ref

Iron
disulphide
core -
nanoparticles
with carbon
shell
Defect-rich
iron
disulphide
nanoflowers
on doped-
carbon matrix
Iron

disulphide 679 0,05 97 714 [84]
nanomaterial
Ultrafine
pulverized-
Fe1-xS
nanoparticles
with quantum
size (=5 nm)
in a carbon
matrix
Yolk-shell
iron sulphide-
carbon
nanospheres

1.2.5

862 0,5 100 (81]

841 0,89 94,5 500 [82]

610 0,5 77,5 - [85]

545 0,1 70,2 438 [86]

Iron in Redox Flow Batteries

A redox flow battery (RFB) is an electrochemical device where at least one electrode
comprises a solution of an electroactive material, and energy is generated/stored when
the active species flow through the anode and cathode chambers separated by an
ion-exchange (cation or anion) or microporous membrane and undergo electron-transfer
reactions at inert electrodes [87]. As in the case of fuel cells, in a redox flow battery, the

power and energy rating are decoupled.

Due to their low energy density, RFBs are not suitable for mobile applications. However,
they offer several advantages, which can be summarised in four key features: moderate
cost, modularity, transportability and flexible operation [88]. Their modular design also
allows for potentially lower construction and maintenance costs compared to other
energy storage technologies. This modular nature simplifies maintenance, as individual
battery modules can be serviced separately. A major advantage is their operational
flexibility during charge/discharge cycles: the batteries can be fully discharged without

damaging the cells, an important advantage over established lead-acid technologies.

The use of iron in this kind of electrochemical device is motivated by its abundance,
low-cost and non-toxicity. However, the electrochemistry is highly pH-sensitive, as the

Hydrogen Evolution Reaction (HER) can occur, leading to the precipitation of Fe?* ions
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[89]. This remains one of the main challenges currently being addressed. Other relevant
factors limiting the adoption of this technology include low current density, limited output
efficiency (70-75%), and irreversible capacity loss due to electrolyte intermixing. A
comprehensive description of how these challenges are being tackled, ongoing research
trends, and future prospects of iron-chromium redox flow batteries can be found in ref.
[90].

Despite the advantages this technology offers in terms of cost and abundance of its
active materials, its commercialisation has not yet been achieved. In 2014, a US
company called EnerVault installed a demonstration 250 kW / 1 MWh battery in
California, funded by the US Department of Energy. According to the project’s final report
[91], the system showed an excellent degree of electrical and reactant flow uniformity. A
key advantage highlighted by the DoE was that expanding energy storage capacity
primarily involves enlarging tank sizes and increasing the volume of inexpensive
electrolytes, making it an easily affordable endeavour. The additional cost for each extra
kWh™' of energy storage can be less than $100, making it a cost-effective option for
long-duration applications. Despite these promising results, no further news related to
EnerVault's projects or commercially available products has been found. In 2023, China
Daily announced the installation and operation of the world’'s first megawatt-level
iron-chromium flow battery in North China’s Inner Mongolia, with a storage capacity of 6
MWh [92].

While several chemistries involving Fe exist, the most established is Iron-Chromium
(ICRFB), which stores and releases electric energy through the following electrochemical

reactions:

- Positive electrode:
Fe3* + e~ 5 Fe?t ; E® =+40.77V vs.SHE Equation 1-7
- Negative electrode:
Cr** s Cr3t +e” ; E®=—-041V vs.SHE Equation 1-8
- Overall reaction:
Fe3t + Cr?t s Fe?t 4+ Cr3t ; E® = 4+1.18V vs.SHE Equation 1-9
The inexpensiveness and abundance of iron and chromium make them attractive
choices for redox-active materials in ICRFB systems, contributing to an estimated cost
of $17 per kWh. This economic advantage provides a strong foundation for the
development of cost-effective and competitive energy storage solutions [93]. The
open-circuit voltage varies with the state of charge, primarily due to the dominance of

different hydrated complexes of Cr3* at different stages of operation.
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Because chromium kinetics are inherently slow, catalysts such as bismuth or
bismuth-lead on carbon have been developed to enhance performance of ICRFB. Che
et al. [94] used a wet-chemistry method combined with self-polymerisation to deposit
bismuth nanoparticles onto nitrogen-doped graphite felt. This modification not only
enhanced electrochemical activity but also suppressed the hydrogen evolution reaction
by forming intermediates through the reaction of Bi and H* ions. Wan et al. [95] further
addressed side reactions of HER by employing electrochemical purification of the
electrolyte. This involved using a sacrificial electrode before cell operation to remove

soluble contaminants, thereby reducing capacity fade rates by a factor of five.

Researchers at the Hong Kong University of Science and Technology investigated the
impact of electrolyte flow design (serpentine vs interdigitated) on cell performance [96].
In a separate study, the electrochemical kinetics of the Fe?*/Fe3* couple were compared
to the V#*/V** couple using 1.0 M FeCl; and 1.0 M VOSO, solutions, respectively. The
iron-based system exhibited smaller peak separation, indicating superior kinetics [97].
While oxidative pretreatment improves the electrochemical activity of carbon-based
electrodes for the Fe?*/Fe3* couple, the degree of graphitisation also plays a key role. In
this study [98], less graphitized carbon felt showed higher charge transfer resistance,

suggesting a trade-off between surface reactivity and conductivity.

Functionalisation of carbon felt can further improve the kinetics of the positive reaction
in ICRFBs. Chen et al. [99], showed that SiO.-decorated graphite felt, with its high
density of surface oxygen-containing groups and hydroxyl functionalities, enhanced
charge transfer during Fe?*/Fe®" redox reactions. Additionally, treatment with silicic acid
increased the effective surface area, boosting iron ion adsorption. These effects were
corroborated by higher peak currents in cyclic voltammetry (CV) curves. However, the
introduction of SiO- also resulted in larger redox peak potential separations, likely due to

reduced graphitisation and electrical conductivity of the felt.

Xu et al. [100] reported a proof-of-concept of a novel redox flow battery consisting of a
solid oxide electrochemical cell (SOEC) integrated with a redox-cycle unit. The
charge/discharge characteristics were explicitly observed by operating between fuel cell
and electrolysis modes of the SOEC along with ‘in-battery’ generation and storage of H;
realized by an in situ closed-loop reversible steam-metal reaction in the redox-cycle unit.
With Fe/FeO as the redox materials, the new storage battery can produce an energy
capacity of 348 Wh per kg of Fe and round-trip energy efficiency of 91.5% over twenty

stable charge/discharge cycles.
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Gong et al. [101] described a new zinc-iron (Zn-Fe) RFB based on double-membrane
triple-electrolyte design that is estimated to have under $100 per kWh system capital
cost is presented. This low cost is achieved through the use of affordable redox materials
like zinc and iron, combined with high cell performance, reaching a power density of 676
mW-cm2. According to the authors, the engineering of the cell structure is essential for
achieving this high-power density. The work, published in 2015, presents what might
have been the cheapest RFB technology at that time, meeting the US DoE 2023 system
capital cost target of $150 per kWh. The standard potential is quite high compared to
other iron-based RFBs, reaching 1.99 V. At a current density of 40 mA-cm, the Zn-Fe
RFB yields 74% energy efficiency.

The first alkaline redox flow battery (a-RFB) based on the coordination chemistry of
cobalt with 1-[Bis(2-hydroxyethyl) amino]-2-propanol (MmTEA) and iron with
triethanolamine (TEA) in 5 M NaOHaxs is presented in this work [102]. Thanks to this
chemistry, a cell voltage of 0.93 V in the charged state was obtained, while energy
efficiencies reached 70-76% at current densities of 30 mA-cm. The crossover of species
through the Nafion cation exchange membrane during cycling was prevented due to the
negative charge of the coordination compounds. A remarkable absence of crossover
was observed for up to 30 charge-discharge cycles, surpassing commercial technologies

based on vanadium. Moreover, no evolution of gases was detected.

New ferri/ferrocyanide - polysulphide (Fe/S) flow battery, which employs less corrosive,
relatively environmentally benign neutral alkali metal ferri/ferrocyanide and alkali metal
polysulphides as the active redox couples is presented by Wei et. al. [103]. The catalyst
on the polysulphide side consisted of cobalt nanoparticle -decorated graphite felt. Up to
99% coulombic efficiency and 74% energy efficiency was achieved, together with good
cycling stability over numerous charge/discharge operations. An iron-cadmium redox
flow battery (Fe/Cd RFB) with a premixed iron and cadmium solution is developed and
tested by Zeng et. al. [104]. In their study, researchers achieved a Fe/Cd RFB system
with a coulombic efficiency and energy efficiency of 98.7% and 80.2% at 120 mA-cm™2,
respectively. They also reported good stability, with a capacity retention of 99.87% per
cycle during the cycle test. The capital cost estimations were approximately $108 kWh-'

for 8-h energy storage.

To provide a concise comparison of various redox flow battery (RFB) systems discussed
in this section, along with additional representative examples from the literature, Table
1-4 summarises their key electrochemical performance metrics. These include the redox

chemistry, energy efficiency, current density, power density, and relevant references.
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These parameters are commonly used to evaluate the performance of RFBs, as they
directly reflect the cell’s electrochemical behaviour and overall efficiency. Nevertheless,
other factors such as durability (cycle life), long-term stability, operational safety, cost,
and environmental impact are also important when assessing or selecting a battery
technology. Although these aspects are not the focus of this table, they represent
essential criteria for a comprehensive evaluation of RFB systems. This summary table
highlights the variation in electrochemical performance and the current state of

development across different RFB chemistries

Table 1-4. Summary of studies on iron redox flow batteries.

Material Energy Efficiency (%) Cun::t.cl:)n?_r;sny Poxwi&xflty Ref
Fe-Cr 80,7 320 665 [93]
Fe-Cr 80,5 480 1077 [97]
Fe-Cr 86,3 240 1077 [97]
Fe-Cr 84,8 320 1077 [97]
Fe-Cr 85,2 80 694 [97]
Fe-Cr 81,2 240 694 [97]
Fe-Cr 77,5 320 694 [97]
Fe-Cr 79,66 120 [99]
Fe-Zn 76 676 [101]
Fe-Co 71 30 [102]

Fe-S 74 10 [103]
Fe-S 70 30 [103]
Fe-S 55 50 [103]
Fe-Cd 80,2 120 125,4 [104]
Fe 50 50 [105]
Fe 37 0,5 [106]
Fe 41,5 0,25 [106]
Fe 73 40 160 [107]
Fe-Cr 79,6 200 178 [108]
Fe-Cr 76,3 120 107 [108]
Fe-V 82 50 [109]
Fe-V 90 49 [110]
Fe-V 80,3 120 [111]
Fe-V 75,2 160 [111]
Fe-V 85,4 80 [111]
Fe-V 89,4 40 [111]

1.2.6 Super-iron Batteries

Hexavalent iron has been studied as a cathode material in both alkaline and Li-ion
batteries. This ‘super-iron’ cathode, as first referred to by Licht et al. [112] due to its highly

oxidized +6 valence state, offers several advantages. These include high intrinsic energy
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supported by a 3-electron transfer process, environmental benignity, abundant raw

materials (ferrates) and non-toxic discharge products.
Equation 1-10 below describes the overall reaction of a Li-ion super-iron battery

2(M, or M")FeO, + 6e~ + 6LiT = 2MO + 3Li,0 + Fe,05;
Equation 1-10
M = Lit,Nat,K*,Cs*,Ag* ; M' = Sr?*, Ba?*
Although Licht’s original article characterized a variety of salts, including NaxFeOQsa,
LioFeOs, CsoFeOs, SrFeOs, AgoFeOs, MgFeO,, CaFeOs, BaFeOs and ZnFeOy, it was
KoFeOs the one that garnered further interest in subsequent studies [113—-117]. This is
due to its high theoretical 3-electron charge capacity (406 mAh-g™') and superior stability
in the solid state compared to the other salts. However, the redox potential of ferrate ion
under acidic conditions exceeds the water stability voltage window, leading to the
precipitation of ferric hydroxide and the decomposition of the cathode, as described in

equation Equation 1-11 below.
4K,Fe0, + 10H,0 = 4Fe(OH); + 8KOH + 30, Equation 1-11

In addition, the formation of Fe,Os3 affects the reversibility of the charge transfer due to
the poor electrical conductivity of the stable, passivating iron trivalent centres [118]. This
limitation hampers the development of rechargeable devices in both aqueous and
organic media. Consequently, research has focused on finding solutions to these major

technical challenges, which hinder the development of commercial super-iron batteries.

Licht and coworkers studied the effect of adding transition metals such as manganese
or silver oxide, to form composite with alkali or alkali earth super-irons [119-123]. The
resulting composites enhanced charge/discharge transfer by improving charge transport
mechanisms, while moving away from the current collectors the ferric-based passivated
centres. The same group demonstrated the effectiveness of using of a platinum-based
matrix as support to prevent passivation in non-aqueous media [112]. They also explored
the deposition of a zirconia protective film for the same purpose in alkaline media
[124,125].

This latter approach was further investigated by Zhang et al. [114], who used yttria-doped
zirconia coatings as protective coatings for Ko.FeO, electrodes in an alkaline electrolyte.
The yttria doping significantly improved the electrochemical properties compared to the
undoped zirconia-coated KzFeO,4 cathodes, resulting in a more stable discharge plateau

and up to 0.25 V higher discharge voltage. The coin cells, using zinc foil as anode,
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achieved a discharge specific capacity of 169.8 mAh-g™' and a specific energy capacity

of 201 Wh-kg™, outperforming cells with MnO.-cathodes.

Farmand et al. [113] synthesised super-iron nanoparticles to enhance charge transfer
using an optimised dry and cool ball-milling procedure that prevented thermal
decomposition during milling. The nano-sized hexavalent iron cathodes demonstrated
an 80% Coulombic efficiency at high discharge rates, compared to 53% for their
micro-sized counterparts. Notably, the nanoparticles retained their hexavalent state up

to 55% of capacity, while the microparticles transitioned to Fe>Os3 at just 15% capacity.

Huang et al. [115] coated potassium ferrate with phthalocyanine via a coprecipitation
process, demonstrating suppression of cathode degradation in an alkaline electrolyte,
along with a higher open-circuit potential and enhanced charge transfer by inhibiting the
formation of a trivalent iron layer. Wang et al. [116] investigated the effects of coating
KoFeO4 with poly(3-hexylthiophene), resulting in a 13% increase in discharge capacity
compared to the bare cathode, and retaining up to 22.6% more discharging capacity

after 6 hours of immersion in an alkaline electrolyte.

Yan et al. [117] used small amounts of K2SO, to dope K2FeQO4, enhancing AAA-type
alkaline super-iron batteries. The isomorphous substitution driven by SO;~ increased the
discharge capacity by 10-30% compared to undoped cathode. Additionally, the cathode’s

stability was improved, showing a 10% higher shelf time.

In 2022, the Chinese automotive manufacturer GAC Group announced the launch of the
first super-iron lithium battery, with 13.5% higher energy density than LiFePOs-based
devices, a 20% higher volume energy density and 10% higher capacity at -20°C [126].

1.2.7 Iron-Air Batteries

An iron—air battery is a type of metal-air battery that combines a metallic negative
electrode with a low redox potential and an air positive electrode [127]. The theoretical
voltage for this battery system, which is based on Fe(ll)/Fe(0) followed by Fe(lll)/Fe(ll)
redox reaction at the negative electrode and the oxygen reduction reaction (ORR) at the
positive electrode, is around 1.28V. Therefore, the theoretical specific energy is around
1000 Wh-kg™".

The electrode reaction of iron in an alkaline electrolyte occurs entirely in the solid state
without involving a deposition—dissolution process due to the low solubility of the
discharge products, which are iron hydroxides and iron oxides. This property of iron is a
disadvantage for a primary battery but a potential advantage for a secondary battery, as

it eliminates concerns about the shape change phenomenon of the negative electrode
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over cycles. Consequently, this battery system is considered an advanced secondary

battery.
The cell reactions are:
-Positive electrode:
0, + 2H,0 + 4e~ S 40H™ ;E° = 0.401V vs.SHE Equation 1-12

-Negative electrode:

Charging
Fe?* +2e™ > Fe Equation 1-13
Discharging
Fe + 20H™ - Fe(OH), + 2e™; Equation 1-14
3Fe(OH), + 20H™ - Fe;0, + 4H,0 + 8e~ Equation 1-15

-Overall reaction:
2Fe + 2H,0 + 0, S 2Fe(OH),; E® = +1.28V vs.SHE Equation 1-16

Unlike zinc in the zinc—air battery, iron is less prone to forming dendrites with repeated
charge—discharge cycles from aqueous electrolytes, which can cause severe changes
in the shape of the electrodes during prolonged cycling. Iron is also a very low cost,
environmentally friendly resource (recycling being a well-established process), although
the strong alkaline electrolyte requires adequate protective equipment and safety
procedures. The advantages of the iron—air battery include its moderate energy density
of 50~75 Wh-kg™ and a cost below US$100(kwWh)" [128].

One of the major limitations of this technology is the significant extent of hydrogen
evolution reaction that may occur during charging. In alkaline media, hydrogen is
generated by the electrochemical reduction of water (2H,0 + 2e~ - H, + 20H™), and its
evolution potential is close to the Fe?'/Fe redox potential [127]. Thus, suppressing
hydrogen evolution is key for optimal charge—discharge efficiency. In addition, the
undesirable hydrogen evolution during the storage of the battery cell at the charged state

converts iron to iron hydroxide and brings the self-discharge of the battery.

Presently, almost all commercial metal—air batteries use zinc as negative electrode due
to its higher capacity and working voltage compared to iron. However, a spinoff from MIT

called Form Energy, co-founded by Mateo Jaramillo, ex-Tesla’s Vice President of
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Stationary Energy Products and Programs, claims to have developed a commercial
iron-air battery optimized to store electricity for 100 hours at a competitive cost [129].
ArcelorMittal invested a total of $42.5M in the company through its innovation fund
XCarb®.

Additionally, at the end of 2023, it was announced that Xcel Energy, a major U.S. electric
utility company, would receive a $70M grant from the U.S. Department of Energy to
partially fund a demonstration-scale 10MW / 1000 MWh system based on iron-air

batteries at two retiring coal plant sites [130].

1.2.8 Nickel-lron Batteries

Nickel-lIron aqueous alkaline batteries are probably the most investigated aqueous
energy storage system using iron as anode material [131]. Early Ni-Fe batteries, which
were patented and made commercially available by Thomas Edison at the beginning of
the twentieth century, have been used for more than 70 years in both stationary and
mobile energy storage applications in Europe and the United States. The reactions taking

place in a Nickel-Iron battery are as it follows (discharging from left to right):
-Positive electrode:

2NiOOH + 2H20 +2e” S ZNl(OH)Z + 20H™ ;EO Equation
= 0.49V vs.SHE 1-17

-Negative electrode:
Fe+20H™ s Fe(OH), +2e~; E° = —0.88V vs.SHE Equation 1-18

-Overall reaction:

2NiOOH + Fe + 2H,0 S 2Ni(OH), + Fe(OH), ; E°
= +1.37V vs.SHE

Equation 1-19
Under deep discharge, Ni-Fe will undergo a further discharge reaction at a lower voltage
than that of the reaction described above, namely:

NiOOH + Fe(OH), S Ni(OH), + FeOOH ; E°
= 1.05V vs.SHE

Equation 1-20

One of the main advantages of these batteries is the abundance of both iron (anode)
and water (electrolyte), which makes the system a lot cheaper and safer compared to
non-aqueous chemistries. Due to the high reversibility under alkaline conditions of the
previously mentioned reactions, these batteries have typically long charge-discharge

cycle life.
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Ni-Fe batteries work well at low or moderate rates of discharge, but they do not perform
well for high discharge rates applications [132]. This is because high discharge rates
enhance the passivation of electrodes through the formation of Fe(OH), (or FeOOH
under deep discharge), an insulating layer, at the surface of the electrode. This prevents
the active material from being fully utilized. It has long been known that the presence of
sulphides in the iron electrode can help mitigate the formation of a passive layer.
Manohar et al. [133] studied how the addition to the iron electrode of two sulphide
additives (sodium sulphide and iron sulphide) affected the passivation. With the addition
of sodium sulphide, the capacity at C/1 rate was 8 times more than the same electrode
without that additive. Moreover, by incorporating iron sulphide at 5w.% the capacity was
increased by 18 times compared to the reference without additives. According to the
researchers, the experiments at 3C rate, with an electrode utilisation of almost 0.2 Ah-g™"

demonstrated the highest discharge rate ever reported with iron electrodes.

The open-circuit potential of a charged iron electrode under alkaline conditions (E° =
—0.88 V vs.SHE) is more negative than hydrogen evolution potential under the same pH
conditions (E° = —0.83 V vs.SHE). This causes the corrosion of the iron electrode [134],
low-charging efficiency (less than 60% in commercial alkaline nickel-iron batteries [133]),
self-discharge of the battery and the loss of water from the electrolyte. Furthermore,
reduction of hydrogen evolution is a must in order to enable commercial Ni-lIron batteries
that are sealed and that don’t require special maintenance requirements. Different
strategies have been considered to overcome this problem. Posada et al. [135] studied
how the addition of lithium hydroxide and potassium sulphide to the electrolyte impacts
the performance of a Ni-Fe cell. They concluded that the addition of potassium sulphide
mitigates efficiently the evolution of hydrogen on the iron electrode. On the other hand,
adding additives to the iron electrode like bismuth, sulphur [136-139] and
copper-containing [140] species can also be effective in reducing the hydrogen evolution

reaction by increasing the activation barrier for water decomposition.

Energy and power densities of Nickel-Iron batteries are rather poor (~30-50 Wh-kg™" and
~3-50 W-kg™) compared to Li-lon technology, limiting their commercial use to niche
applications like industrial forklift trucks, open-pit mining vehicles or railroad signalling
[132,141]. In the past, Ni-Fe batteries were the focus of research by multiple industry
players such as Eagle-Picher Industries, SAFT, VARTA or SAB-NIFE. Nowadays,
researchers are exploring new chemistries with potentially higher commercial interest,
such as Ni-metal hydrides, Ni-Cd and Li-lon. However, Ni-Fe technology is still under

consideration by research groups working on radical new battery concepts like
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3D-printed compressible quasi-solid batteries [142] or nickel-iron ‘battolyser’, i.e. a

combined battery and electrolyser [143].

1.2.9 Other Uses

While this review has primarily focused on the electrochemical properties of iron and its
derived electrochemical devices, steels, which are a broad family of iron alloys, are
extensively used as structural materials in many energy storage applications.
Manufacturers such as ArcelorMittal offer a wide range of steel grades specifically
developed for use in electric vehicle battery packs [144]. The increasing demand for steel
in this area is driving the development of new commercial grades with improved
mechanical properties. In addition, new coating solutions, particularly those based on
nickel, are being developed to ensure effective electrical contact between the steel
casing and the aluminium or copper tabs [145,146]. Graphene coatings are also being

explored as a protective layer to prevent corrosion of the nickel coatings [147,148].

Another active area of research focuses on advanced laser welding techniques. These
are aimed at creating robust joining technologies that meet industrial standards, which
is key for maintaining the quality of electrical interconnections between the current

collector and the steel battery can [149—-152].

Figure 1-6 Iillustrates the different joining operations required in battery-pack
manufacturing. The figure shows typical welding locations for cylindrical, pouch and
prismatic cells, as well as examples of interconnections between cells and
current-collecting busbars. These schematics highlight the variety of interfaces that must
be electrically and mechanically joined within a battery module. They emphasise the
demanding role played by metallic materials, including steels, in the structural and
electrical integration of battery systems. Each joining interface must simultaneously
provide low electrical resistance, high mechanical integrity and long-term corrosion
resistance. From a physical standpoint, this places strict requirements on the thermal,

mechanical and surface properties of the metals involved.

Thanks to its abundance, mechanical strength, and corrosion resistance, steel is
considered a strong candidate material for components used in hydrogen transport and
storage systems. The European Hydrogen Backbone project, which aims to reach
60,000 km of hydrogen pipelines by 2040 [153], considers steel as the primary material
for high-pressure transmission lines. Experts suggest that hydrogen pipelines will be
quite similar in design to those used for natural gas [154]. However, transporting
hydrogen at high pressure introduces challenges, particularly due to hydrogen

embrittlement, a phenomenon that can weaken steel when hydrogen atoms diffuse into
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the material [155-157]. This has increased interest in the development of leakage
monitoring technologies, with particular attention given to fibre optics and nanosensors
[158-162].
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Figure 1-6. Overview of joining tasks in battery applications: schematic depiction of the joining location (a)
for cylindrical cells and (b) for pouch or prismatic cells; (c) battery module consisting of cylindrical cells
directly connected by a large busbar, reproduced from [163]; (d) single pouch cell interconnected to a

copper collector bar, reproduced from [164] with permission from Elsevier. The figure is reproduced from

[34] under the CC BY-NC-ND license.

At the same time, new surface treatments and coatings are being investigated to reduce
hydrogen diffusion into steel. These include metallic coatings such as vanadium,
titanium, and zinc-nickel, as well as compound coatings made from nitrides, oxides, and
carbides [165-167]. A particularly notable study by Shi et al.[168] showed that
graphene-coated pipe steel exhibited a nearly 50-fold reduction in hydrogen

permeability, providing outstanding resistance to hydrogen embrittlement.

The key contributing factors to hydrogen embrittlement include high stress
concentrations in the steel, the presence of diffusible hydrogen, and the chemical
composition of the material. This problem is especially pronounced in high-strength
steels, as highlighted in several studies [169-171], although the underlying mechanisms

are not yet fully understood.

From a chemical perspective, it is known that certain elements such as carbon (C), silicon
(Si), phosphorus (P), and sulphur (S) can increase susceptibility to hydrogen
embrittlement. In contrast, the presence of nickel (Ni), aluminium (Al), and molybdenum
(Mo) tends to have a beneficial effect [172-175]. For instance, Kwon et al. [173]
demonstrated that in Mn-B steels, an increase in carbon content leads to higher
embrittlement up to a certain limit. Similarly, Koyama et al. [176] observed that this effect

occurs for carbon levels below 0.3 wt.%, but higher concentrations do not lead to further
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increases in susceptibility. Nickel is particularly important in sour-resistant line pipe steels
and may also contribute to the development of durable steel structures for hydrogen
storage. Mohrbacher et al. [172] reported that nickel can limit austenite grain growth,
which in turn reduces the amount of diffusible hydrogen and enhances resistance to

embrittlement.

Stainless steels, which contain high levels of chromium to prevent corrosion, form a
distinct group within the steel family and offer unique advantages for electrochemical
applications, particularly as current collectors. While current collectors in lithium-ion
batteries are typically made of aluminium or copper due to their corrosion resistance and
their ability to be processed into thin, electrochemically stable foils. However, stainless
steel presents several advantages over these conventional materials. It can function as
a current collector for both positive and negative electrodes, has a lower specific density
than copper, and, under specific conditions such as in nickel-cobalt-aluminium (NCA)
Li-ion batteries, can offer higher corrosion resistance than aluminium [177]. Stainless
steel can also be plated with a thin nickel layer to reduce contact resistance and further

improve corrosion resistance [178,179].

In fuel cell technology, stainless steel bipolar plates are already commercially available
and are offered as lower-cost alternatives to graphite plates by companies such as
Outokumpu (Finland) [180] and Waelzholz (Germany) [181]. Stainless steel plates are
more durable than graphite, making them better suited to handle the dynamic conditions
within operating fuel cells [182]. Additionally, the higher ductility of steel simplifies the
formation of flow channels during manufacturing, which helps reduce production costs,

although a corrosion prevention method needs to be applied to the surface.

To conclude, iron plays a multifaceted role in modern energy storage systems due to its
abundance, cost-effectiveness, and favourable electrochemical properties. Table 1-5
summarises the various roles of iron across different technologies, highlighting key
aspects such as the specific form of iron involved, the technical challenges associated

with each application, the level of technological maturity, and relevant references.
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Table 1-5. Overview of iron’s roles in various energy storage technologies, including the specific form
used, associated technical challenges, technological maturity, and key references.

Technical Technological
Role Technology Iron form Challenges Maturity Refs
catalyst
02 @) H’ Porous,
2+/3+_
~_ PEM Fuel Fe /. . Demetallation Research status (52-68)
Cells containing
compound
. Massively
Li-lon LiFePO4 Moderate slectrical | agopted by the | (69-78)
Y market
Low electric and ionic
conductivities
Li-Sulphur FeS: Volumetric changes Research status (79-85)
cathode Undesired discharge
— products
Cross-contamination .
2+_
Fe*'-based Hydrogen Evolution First MWh plant (86-
Redox-Flow | salt or Reaction operative since 111)
complex s 2023
Slow kinetics
First commercial
6+_ -
Super Fe Fe""-based Irreversible reduction battery (112
salt 126)
announced
Cross-contamination
Hydrogen Evolution 86
anode Redox-Flow | Fe Reaction Research status §11_)
s Slow kinetics
. N Low cell voltage
Iron-air Fe Hydrogen Evolution Pilot (127-
Reaction demonstration 130)
Ni-Fe Fe gégg%ﬁn Evolution Obsolete (112;)
current COIeCtor PEM Fuel Stainless High mass densit Commercially
Cells steel foil 9 y available
174-
Stainless (176)
. steel foil, . . Commercially
Li-lon bare or Ni- High mass density available
plated
structure . Steel battery | . . Commercially (143-
o : Li-lon pack High mass density available 156)
e o0 ® H
ydrogen . . . 177-
: ° : : transport Steel pipe :I)?dhrc;gae?\s density Commercially 198)
cees Hydrogen Steel embrittlement available (199-
e e o o storage vessel/ pipe 209)

1.2.10 Research Gap

As outlined in the first part of the literature review, iron-based materials have been widely
studied for their applications in electrochemical devices. However, the potential of Kish
graphite, a byproduct of the steel industry, remains underexplored. Kish graphite
contains intercalated iron compounds that may act as catalysts for the ORR, which is the
rate-limiting step in proton exchange membrane fuel cells. Despite this potential, its
catalytic performance and broader electrochemical applications have not been

systematically studied.
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Unlike deliberately synthesized iron—carbon composites, Kish graphite naturally contains
iron-rich inclusions and intercalated iron compounds embedded within a highly
graphitized carbon matrix. This combination may provide catalytically active iron sites
while simultaneously offering high electrical conductivity and structural stability, both of
which are advantageous for ORR catalysis. While other iron-containing carbon materials
have been shown to exhibit ORR activity, Kish graphite is distinguished by its
abundance, low cost, and minimal processing requirements, as well as by the intimate
coupling between iron species and a conductive graphitic host. Despite these potentially
favourable attributes, its catalytic performance and broader electrochemical applications
have not yet been systematically evaluated or quantitatively benchmarked against

established iron-based ORR catalysts.

In addition, Kish graphite can be used as a raw material for producing reduced graphene
oxide (rGO), a material with well-established applications as a catalyst support or as an

electrode in supercapacitors.

The experimental and machine learning methodologies required for these investigations
are presented in Chapter 2, including the synthesis and processing of Kish graphite-
derived materials, the electrochemical characterisation techniques, and the machine

learning framework.

To address this gap, Chapter 3 explores the use of expanded Kish graphite as a catalyst
for the ORR. To enhance the oxygen accessibility to iron sites, Kish graphite is expanded
following the method described in Section 2.2.3. Furthermore, rGO is synthesized from
Kish graphite using the method outlined in Section 2.2.2. Platinum is deposited onto rGO,
and its performance is compared to a commercial benchmark catalyst, 40% Pt on Vulcan
XC72 (Sigma-Aldrich). Electrochemical characterisation is complemented by
capacitance measurements of rGO samples reduced under different temperatures and

durations.

Given the overall motivation of this thesis to apply machine learning in materials
research, Chapter 3 also includes an analysis of the experimental noise associated with
these types of measurements at different replication levels. This experimentally
quantified noise will serve as the foundation for the implementation of physics-informed
Gaussian Process models in Chapter 4, whose objective is to determine the optimal
reduction conditions for maximising rGO capacitance. The motivation for this study is
introduced in Section 1.3 below, which presents a literature review of graphene

supercapacitors. This review also provides the basis for the work described in Chapter
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4, which focuses on developing a machine learning model for graphene capacitance with

an emphasis on physical correctness and adaptation to data-scarce conditions.

1.3 Literature Review: The Role of Graphene in
Supercapacitors

Graphene is a 2D material consisting of carbon atoms forming a honeycomb structure
based on sp? bonds. Since the experimental realisation of graphene stability at room
temperature and its outstanding electrical properties in 2004 [44], research on graphene
has been at the forefront in universities and research centres all over the world. In fact,
the first publication about graphene from the Nobel-awarded scientists André Geim and
Konstantin Novoselov [44] is one of the most highly cited articles of all time. The
ambipolar field effect and the flow of graphene electrons as if they had no mass have
motivated the development of multiple applications for graphene in the field of electronics
and optoelectronics [183,184]. Moreover, a cascade of high-impact papers
demonstrated that graphene is the material with the highest thermal conductivity [185],
highest tensile strength and Young Modulus [186] and impermeable to all liquids and
gases [187,188]. However, graphene is not impermeable to protons (H*) and other
cations, a property that has motivated research into its use as an ion-selective membrane
for fuel cells [189].

With the goal of translating the outstanding properties of graphene into real innovative
commercial products and solutions, in 2013 the European Commission launched the
Graphene Flagship, a €1 billion research initiative to support both graphene research
and the industrialisation of a graphene-enabled market [190-194]. One of the most
important applications highlighted by the Graphene Flagship for graphene is in the field
of energy storage, and specifically batteries and supercapacitors. Figure 1-7 illustrates
the relationship between the cumulative average growth rate (CAGR) and the current
market revenue for graphene materials across different application sectors. The y-axis
shows the CAGR, while the x-axis presents the revenue in $US millions on a logarithmic
scale. Among the surveyed markets, the aerospace sector exhibits the highest revenue,

whereas the battery sector shows the highest projected growth.
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Graphene material markets by applications (2025)
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Figure 1-7. Graphene markets by application by 2025, reproduced with permission from Reiss et al. [194].

As a two-dimensional material that is conductive and carbon-based, graphene is quite
interesting in supercapacitors (SCs). In these devices, the energy is stored on the
electrostatic double layer at the interface between the electrode and the electrolyte.
Contrarily to batteries, no redox reactions take place, providing a system that can be
charged and discharged much more quickly than batteries, which enables devices with
much higher power density. In addition, there is no risk of overcharging and fire hazard

is negligible.

Supercapacitors show high lifetime, keeping a good performance after hundreds of
thousands of charging/discharging cycles and with low maintenance costs. However, as
the charge is limited by the electrode surface that is available, they have much lower
energy density compared to batteries. They have also higher tendency to self-discharge
[195].

Commercial SCs can be found in applications where there is a need for fast delivery of
power such as in industrial machinery, urban transportation, power tools, communication
devices, robotics and motor start up systems [192]. They also can have a key role in grid
electricity networks for applications such as rectifying sudden frequency and voltage
changes across the network or adjusting unanticipated asymmetries between generation
and load [196].

The recent blackout affecting Spain and Portugal in April 2025 was one of the most

severe in recent European history, causing widespread disruption to transportation,
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communications, and essential services [197,198]. The incident, triggered by the sudden
loss of 2.2 GW of generation in southern Spain, causing an abrupt imbalance between
supply and demand, highlighted the pressing need for rapid-response energy storage
solutions, such as supercapacitors (SCs), which could have injected power instantly to
stabilize grid frequency and voltage during the disturbance. SCs offer unique advantages
in addressing such challenges, particularly in four key applications related to grid stability

and resilience [196]:

e Primary response: to guarantee supply under continuous and sudden frequency
and voltage changes across the network

e Secondary response: to compensate anticipated and unexpected imbalances
between load and generation

e Black start: when restoring power plant operations after network outage without
external power supply

e Power quality: to protect on-site load against short-duration power loss or

variations in voltage or frequency

The market volume for these devices has surpassed $1 billion in the recent years [199],
with suppliers like Maxwell, Panasonic, Skeleton, loxus and JM Energy. Among these,
Skeleton outperforms the cells from the other suppliers according to a study from the
Naval Surface Warfare Centre [200], with an Equivalent Series Resistance (ESR) of less
than half of any of the other cells and a power density more than 10-kW/kg higher than
the others. In fact, Skeleton is, out of these 5 suppliers, the only one that claims the use

of graphene as electrode material.

Specifically, Skeleton describes a patented formulation of a curved graphene [201-204]
with superior properties with respect to activated carbons [205], delivering 60% higher
energy storage capacity and double power performance [206]. The company has its
production facility in Grossréhrsdorf (Germany), which is the largest supercapacitor
manufacturing capacity in Europe. Moreover, a new facility is being built in Markranstadt,
after a strategic partnership with Siemens [207]. In total, the company has raised over
€200 M investment to develop and commercialize graphene-based energy storage

technologies.

The main advantages of graphene materials with respect to activated carbons are a
higher usable surface area for the electrolyte, due to a more favourable mesoporous
structure [208,209] arising from the arrangements of graphene layers around each other,
and, for rGOs, also from their holey-structure, as well as higher electrical conductivity

[210] and greater mechanical and thermal stability [191]. Commercially available
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supercapacitors based on activated carbon reach energy density in the range of 7.8-20
Wh-L"' [200,211], while graphene-based flexible supercapacitors have already
demonstrated 88 Wh-L" [212] in the literature. In terms of material costs, activated
carbons are under 15$-kg™' while graphene is more than ten times more expensive [192],

which is one of the main barriers for its commercial development.

With respect to graphene research for supercapacitors, the principal aspects to consider
regarding its physical attributes that contribute to a good performance as electrode are
the following [213,214]:

Eo&rA

e Large active area. The capacitance of a material is given by C = 0 where A is

the electrode surface area, ¢, and ¢, are the vacuum permittivity and material
absolute permittivity constants, respectively and d the distance between the
electrolyte’s ions and the electrode’s walls. Thus, increasing A4 is a good strategy
to maximize the capacitance of the electrode material. This parameter is typically
measured by flowing N» gas into the porous material and characterizing the
adsorption/desorption isotherms, using the Brunauer-Emmett-Teller (BET) to
estimate the Specific Surface Area of the material.

e Good electrical conductivity, to minimize the loss of power from internal
resistance. This is often estimated indirectly by calculating the Ip/l¢ ratio from the
Raman spectra of the graphene material, as an indicator of the density of defects
in the crystalline structure. In addition, electrochemical performance features can
be used as an indirect indicator of the higher or lower electrical conductivity from
the measured electrode materials.

o Optimal pore size distribution. Micropore volume enhances the total capacity
while hierarchical pores in the micro- and mesoporous region facilitate rapid ion
transport [214]. This is also extracted from the N adsorption/desorption
isotherms, combining quenched solid density functional theory for micro- and
meso- pores <50 nm and Barrett-Joyner-Halenda (BJH) method for macropores
>50 nm.

e Surface wettability, to enhance pore flooding. This can be estimated with contact

angle measurements using the sessile-drop method.

A detailed explanation about the experimental techniques and methods used to
characterize graphene physical properties and electrochemical performance is

described in Chapter 2.

Table 1-6 below summarises results from recent works of the capacitive performance of

graphene-based electrodes. As it can be extracted from the table graphene, in its
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multiple forms, outperforms the specific capacitance of the commercial activated carbon

reference.

Table 1-6. Summary of specific capacitance of different graphene materials (partially extracted from [214—

216])
Current
Sample Electrolyte E— Specific Capacitance (F/g) Ref.
ensity
RGO 1 M H2SO4 1mVs™ 198 [217]
N- doped holey graphene 6 M KOH 05A¢g" 250 [218]
CF/graphene foam 3 M KOH 05A¢g" 162 [219]
3D microporous graphene 1M Naz2SO4 1Ag’ 202 [220]
Graphene nanoballs 1 M H2SO4 5mVs'! 206 [221]
N- doped graphene 6 M KOH 05A¢g" 255 [222]
3D N and B co-doped
1 M H2SO4 1Ag" 239 [223]
graphene
RGO 6 M KOH 05A¢g" 436 [224]
N- doped graphene aerogels 1 M H2SOq4 0.2A¢g" 223 [225]
N-doped graphene 0.5 M H2S0q4 0.2A¢g" 286 [226]
N-doped graphene 6 M KOH 0.1Ag" 301 [227]
3D porous RGO 1 M H2S04 1Ag"! 284.2 [228]
Holey graphene 1 M H2SO4 0.5Ag" 250 [229]
RGO hierarchical structure 6 M KOH 1Ag’ 429.7 [215]
Hole graphene nanosheets 6 M KOH 50 A g-1 170 [230]
Nitrogen-doped holey
2 M H2804 0.3Ag" 343 [231]
graphene
N and F co-doped holey
6 M KOH 1Ag’ 3454 [232]
graphene hydrogel
P and N doped holey
1 M H2SO4 05A¢g" 235.5 [233]
graphene
N-doped porous
6 M KOH 1Ag’ 3235 [234]

carbon/holey graphene
Holey graphene / Ppy films 6 M KOH 1Ag’ 438 [235]
Holey graphene / PANI /

. 1 M H2SO4 1Ag’ 804 [236]
graphene films
Self-assembled graphene
5 M KOH 1Ag" 160 [237]
hydrogel
Chemically modified
5.5 M KOH 1.3A¢g" 135 [210]
graphene
Graphene aerogel
1 M H2SO4 1mVs? 226 [238]
mesoporous carbon
Holey graphene framework 6 M KOH 1Ag’ 310 [239]
Reduced holey graphene
1 M H2SO4 1Ag" 283 [240]

oxide hydrogel
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Current

Sample Electrolyte . Specific Capacitance (F/g) Ref.
Density
Thermally expanded
5.5 M KOH 0.1Ag" 264 [241]
graphene oxide
Non-stacked reduced
. 6 M KOH 1Ag" 237 [242]
graphene oxide
High density porous
6 M KOH 0.1Ag" 238 [243]
graphene
Ultrahigh-level oxygen
. . 1 M KOH 1Ag" 330 [214]
functionalized graphene
Commercial Activated 1 M HbSO 91 (244]
-1
Carbon Norit™ 2o 05Ag
Commercial Activated
6 M KOH 05Ag" 86 [244]

Carbon Norit™

Beyond supercapacitors, there are dozens of articles related to the use of graphene and
its derivatives as electrodes for a large variety of electrochemical devices, including
Li-ion [245,2486], Li-S [247], Na-lon [248] and redox flow batteries [249].

1.3.1 Machine Learning for the Design of Experiments

Design of Experiments (DoE) consists in an ensemble of methods supported by statistics
with the aim of guiding the execution of experiments to detect relevant variables with the
minimum number of iterations possible. The use of DoE techniques can result in cheaper
and easier development cycles in research and product innovation [250]. An adequate
selection of DoE technique facilitates the process of inferring patterns between the initial
set of parameters and the outputs from the experiment. Literature on DoE dates back to
1936, with the application of statistical methods for planning experiments in agriculture
research [251]. Since them, several designs have been consolidated, namely: Response
Surface Methodology (RSM) [252], Robust Parameter Design (RPD) [253] or Latin
Hypercube Sampling (LHS) [254].

Sequential Experimentation (SE) is a concept that can be applied to all types of DoEs
and whose principle is to perform a series of experiments in a sequential manner, using

the results of the previous experiments to guide the following iterations.

Bayesian Optimisation (BO) is an increasingly widely used statistical tool that uses the
principles of Design of Experiments and Sequential Experimentation with the support of
Machine Learning methods. The goal is to minimize the number of experiments required
to get materials with a set of given desired properties, using Bayesian inference to drive

the next steps. In addition, it also serves to gain knowledge about the relationships
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between the material properties and its synthesis parameters in a much more efficient

way than following traditional methods which are not supported by Artificial Intelligence.

BO is, in essence, a probabilistic framework for the global optimisation of a ‘black-box’
function (i.e., an objective function). This is achieved by sequentially selecting inputs and
observing the corresponding outputs, without requiring explicit knowledge of the
function’s analytical form. A ‘black-box’ function refers to a system where outputs can be
obtained from inputs, but the exact form of the function is unknown. In materials science,
such functions are common, as the relationship between synthesis parameters and
resulting physicochemical properties is often poorly understood. Thus, the discovery of
new materials is limited by the ‘lack of light’ in the chemical design space. This issue is
particularly pronounced in the development of nanomaterials and soft materials, where
the atomic or molecular spatial arrangements exhibit greater degrees of freedom than in
bulk, crystalline materials. As a result, small variations in synthesis conditions can lead

to significant changes in material properties and reduced reproducibility.

Instead of evaluating all possibilities in a predefined synthesis parameter space following
traditional grid search and subsequent resource-intensive experiments/simulations,
Bayesian Optimisation enables the identification of the material candidate by iteratively
updating a surrogate model to select the next experimental conditions to try [255]. This
provides a framework for the Design of Experiments based on machine-learning that
minimizes the number of experimental tests and/or simulations needed compared to

traditional grid approaches.

In this paper [256], the researchers apply BO to find the chemical compound with the
lowest thermal conductivity for thermoelectric applications. Firstly, a prior model was built
by taking an initial dataset of five compounds and its thermal conductivities determined
by first-principles methods. Two predictors (components of x vector) were selected:
crystalline volume per atom, V and density, p. An advantage of choosing these is that
both physical descriptors are available in most of the experimental or computational
databases like ICSD [257], Atomwork [258] or Materials Project [259]. Gaussian Process
regression was used with low Lattice Thermal Conductivity (LTC) as objective function.

As the acquisition function, Probability of Improvement was selected.

The results from the iterative process were compared with a traditional random search
method for a total of 50 iterations, and the average number of observed compounds
required for finding the one with the lowest thermal conductivity from a population of 101
was evaluated. Using random search, the average number was 55 while the number was

only 11 for the case of BO. However, the scientists demonstrated that using V and p as
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predictors was not an optimal choice: just by extracting the first and second lowest
thermal conductivity compounds out of the 101 population, the Bayesian optimisation
procedure performed worse than random search (65 compounds needed to find the one

with lowest conductivity versus 50, respectively).

The reason, they argued, was that the new objective compound was an outlier when the
thermal conductivity is modelled only with ¥V and p. By adding extra predictors that are
related to the chemical nature of the compounds the researchers were able to overcome
that issue, reducing the average number of compounds evaluated to just 19. Once this
tuning of the Bayesian Optimisation framework was complete, they applied the same
methodology to explore compounds with low conductivity from a population of 54,779,
finding 221 materials with very low lattice thermal conductivity. Among them, two
(K2CdPb and Cs[PdCl4]l2) presented a narrow electronic band gap, which makes them

specially interesting for thermoelectric applications.

Machine Learning can also be applied to combine data from first-principles calculations
and high-throughput experimentation in a closed-loop optimisation framework, as
demonstrated by Sun et al. [260]. In this research, the authors explored the quasi-ternary
A-site compositional space of CsMAFA1.«Pbls, defined by the Cs-MA-FA
compositional simplex and discretised at 1% resolution, resulting in more than 5,000
possible compositions. Using a physics-informed Bayesian optimisation approach that
incorporates density functional theory-derived phase stability as a probabilistic
constraint, they were able to identify highly stable multi-cation lead iodide perovskites by

experimentally sampling only 1.8% of the total compositional space.

A physics-informed Machine Learning strategy was adopted, in which Density Functional
Theory-derived Gibbs free energies of mixing were incorporated as probabilistic
constraints instead of applying a hard constraint boundary. This ensured that the search
was guided toward thermodynamically and structurally stable compositions rather than

relying solely on experimental performance data.

The sparse set of 91 DFT AG,,;, values is first interpolated across the full ternary
Cs—MA-FA (Cs-methylammonium-formamidinium) space using a Gaussian Process
surrogate model, whose predictive variance reflects both the limited coverage of the DFT
dataset and the intrinsic 0.025 eV per formula-unit precision of the calculations arising
from configurational variability. The resulting mean AG,,;,(Q) is then transformed into a
probability of phase stability via a logistic function, P(AG,ix(Q);Pprr) =1/(1 +
exp (AGnmix(@)/Pprr))- The smoothing parameter Sz is calibrated so that AG,,;, values

approximately 0.025-0.05 eV/f.u. above the convex-hull threshold correspond to
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intermediate probabilities (=70-90%), thereby embedding the known DFT uncertainty
directly into the constraint. The probabilistic stability prior multiplies the Expected
Improvement acquisition function, penalising, but not strictly excluding, compositions that
are likely unstable. In this way, the Bayesian Optimisation loop remains robust to
uncertainty in the theoretical constraints and avoids brittle, overly sharp decision

boundaries.

An instability index I, defined as the integrated colour change of an encapsulated
perovskite film over an accelerated degradation test duration T, was chosen as the figure
of merit for optimizing stability (objective function) and measured experimentally.
Expected Improvement was used as acquisition function and the surrogate model was

based on a Gaussian Process.

1.3.2 Gaussian Processes and Bayesian Optimisation in Graphene
Research

There are several examples of the use of GPs related to graphene, covering both
simulations and experimental work. Zheng et al. developed a GP metamodel to predict
the density, Young Modulus and ultimate tensile strength of graphene aerogels based
on the effective radius of spherical water inclusions, using data from molecular dynamics
simulations [261]. Schmitz and Schnieder constructed a GP, fed with molecular
simulations data, to predict atomic hydrogen adsorption on graphene using an adaptive
regularisation scheme. Instead of adding a constant noise term to the covariance matrix,
their approach allowed the error to be adjusted to the importance of each data point,

enabling higher accuracy and numerical stability [262].

Yamawaki et al. demonstrated the use of Bayesian Optimisation to solve a typical
dilemma of conflicting demands in thermoelectric materials, where high electrical
conductivity and Seebeck coefficient but low thermal conductivity is desirable [263]. The
machine-learning approach was used to design and evaluate, using first-principles
calculations, an optimal structure for graphene nanoribbons with an efficiency more than
five times that achieved by random search. Figure 1-8 compares the performance of
Bayesian optimisation against random search when identifying graphene-nanoribbon
structures with high thermoelectric efficiency. The vertical axis represents the number of
evaluations required to find a candidate within the top fraction of performers, normalised
by the number required under random search. Values below unity therefore indicate a
computational speed-up. As illustrated in the figureFigure 1-8, Bayesian search

accelerates the exploration in all cases, except for a singular point for the best case of
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m=6 (m is the number of vacancies in the graphene nanoribbon). They used the open-

source library common Bayesian optimisation (COMBO) [264].
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Figure 1-8. Efficiency of the Bayesian optimisation. Ngayesrrand is the average number of calculations
needed until, for the first time, a structure that belongs to the top k% of all the candidates is found with the

Bayesian/random search. Reproduced with permissions from [263].

The authors used a Bayesian linear regression model with an objective function
consisting of a figure of merit that contains the parameters that affect thermoelectric
performance, and the descriptors of the graphene nanoribbons as x vector. Prior
distribution was obtained using random feature map while the next point for the

observation was determined using Thompson sampling.

Although these studies showcase sophisticated use of GPs and BO, they all rely
exclusively on theoretical or simulation data. While this is valid in the context of exploring
design spaces where the data are noise-free and fully controlled, one of the unique
advantages of GPs is their principled treatment of uncertainty, which becomes
particularly valuable when dealing with noisy experimental measurements. Moreover,
BO is especially impactful when the number of experiments is severely constrained by
cost or time and the choice of each new experiment must be informed by uncertainty in
previous measurements, a regime that is less critical in purely computational studies
where data generation is comparatively inexpensive and dense sampling is generally

feasible.

Chaney et al. utilized GP to model the response of three target variables: productivity
yield, conversion rate of graphite to graphene and conductivity of the graphene films, to
the loadings of graphite and ethyl cellulose in a wet jet milling process [265]. BO was
used, resulting in the stabilisation of the Pareto frontier after four batches of five tests
each, from an initial dataset of nine points. Given the low-dimensional nature of the
design space and the use of a structured initial experimental design, rapid convergence

is not unexpected. However, the key contribution of this work lies in demonstrating that
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BO can efficiently organise experimental sampling and avoid redundant testing under
conditions where each experiment is costly and time-consuming, achieving performance
comparable to conventional liquid-phase exfoliation studies that typically require similar
numbers of experiments but explore much narrower parameter ranges without a

systematic optimisation framework.

Patel et al. [266] used BO to find the best combination of graphene, Kevlar aramid
nanofibers and carbon nanotubes to maximize the performance of supercapacitor
electrodes. Such performance was computed using a utility function (objective function)
which combined electrochemical features (specific capacitance at different scan rates)
with mechanical properties (Young’s modulus, tensile strength, toughness and ultimate
tensile strength). The importance of electrochemical versus mechanical properties in the
utility function is controlled by the parameter a, which serves as a weighting coefficient
in the performance metric U = (1 — a)ECU + (a)MU. Here ECU (electrochemical utility)
reflects normalised capacitance values measured at multiple scan rates, while MU
(mechanical utility) combines normalised Young’s modulus, ultimate tensile strength,
toughness, and strain at break. Thus, a determines how strongly the overall utility favours
mechanical performance over electrochemical performance. In the article, the authors
set a = 0.5, meaning that both contributions were weighted equally. GP regression was
used to fit the initial set of experimental data, providing a prior distribution. Expected

Improvement was chosen as acquisition function.

The models were obtained from the free Machine Learning library Scikit-learn, which is
built on Python [267]. The first iteration suggested by the model yielded a composition
that had a 5.5% improvement in utility over the best performing composite (92.625 wt%
rGO, 4.875 wt% ANFs, and 2.5 wt% CNTs) from the initial experimental data. The new
composition outperformed the previous best performing electrode with an increase of
78.8% and 34.0% of Young’s modulus and strength, respectively. However, the
capacitance at 1 mV-s™ was 117.2 F-g”', representing a 29.6% decrease. This is
because the objective function equally weights mechanical and electrochemical
performance while the initial experimental data was biased towards high specific
capacitance values corresponding to high rGO loadings. According to the authors, the
area from the design space suggested by the model would not have been explored as
rapidly when using traditional experimental approaches, based on scientist intuition.
However, no direct benchmarking against alternative model-based or classical DoE

strategies was performed to quantitatively support this claim.
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These works are important experimental demonstrations of BO, but they focus on
mixture proportions or additive compositions rather than synthesis parameters. This
means they optimise the formulation of graphene-containing systems rather than
controlling the intrinsic properties of the graphene itself through processing conditions.
As a result, there remains a gap in understanding how synthesis variables directly impact

material performance.

Alghfeli and Fisher used a GP with Matérn 5/2 kernel as surrogate model combined with
Bayesian Optimisation to obtain the best reaction conditions to synthesize graphene

sheets by Chemical Vapor Deposition with minimal Ip/lg ratio [268].

Wahab et al. [269] used BO to support the production of laser-induced graphene. The
ratio of G and D peaks from Raman spectra, which are characteristic bands used to
assess graphitic order and defect density (see 2.2.7 for details), was taken as objective
function, while laser power, irradiation time, gas pressure and gas type were the
parameters forming the x vector. Random forest with 500 trees was used to build the
surrogate model: this is compatible with an x vector containing both continuous
numerical and discrete categorical parameters, as in this case. Expected Improvement
is used as acquisition function. Thanks to this approach and after 50 optimisation
iterations, the authors claimed to have obtained laser-induced graphene with Raman
G/D ratios a factor of four larger than those found in the literature. The library used was
mIrMBO [270].

Although the optimisation problem involved only four input parameters, Wahab et al.
employed 50 Bayesian optimisation iterations because the effective search space was
extremely large, heterogeneous and experimentally noisy. The parameters span
hundreds to hundreds of thousands of possible values and include both continuous and
categorical variables, motivating the use of a random-forest surrogate model. Moreover,
the authors explicitly acknowledge variability arising from substrate effects and batch-
to-batch differences in graphene oxide films, which necessitates iterative surrogate
model refinement. Finally, the optimisation budget was dictated by experimental
constraints rather than dimensionality alone: the authors explicitly fixed a total budget of
70 experiments (20 initial random samples plus 50 BO iterations), corresponding to the
maximum number of reliable laser patterning experiments achievable within a work

week.

While these two studies focus on synthesis parameters, its optimisation target is limited

to structural metrics (Raman ratios) rather than functional electrochemical properties.
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For energy storage applications, a direct link between synthesis conditions and

electrochemical performance would be more informative.

Ebikade et al. [271] used BO to perform data-driven experimental design for synthesizing
graphene-based structures as catalysts for the Hydrogen Evolution Reaction. The
synthesis parameters space consisted of three variables: final temperature, heating rate
and hold time. Altogether form the input parameters, or x vector. The objective function
to maximize is the total nitrogen content in the graphene sample corresponding to

possible values of x.

Latin hypercube design was used to get the initial 10 samples of the three-dimensional
experimental space. Normally distributed multivariate function was used as surrogate
model (GP) and Expected Improvement as acquisition function. According to the authors,
a total of 40 experiments would have been needed to gain similar or even less knowledge
about the experimental space than the one gained using Bayesian optimisation, which
required less than 20 observations. This comparison was made within a single Bayesian
optimisation implementation using the open-source Python package pyKriging [272], and
no evaluation of alternative Gaussian Process models or software platforms was

reported.

While Ebikade et al. clearly demonstrate the efficiency of BO for experimental design in
electrochemical applications, their study is limited to the fact that the material under
investigation is activated carbon rather than graphene. Consequently, although their
results illustrate how BO can accelerate the exploration of synthesis-condition space and
reduce experimental costs, the direct relevance to graphene remains uncertain given the
differences in structure and properties between the two materials. This suggests that
extending such methodologies to graphene-specific system is an important next step,
and it is in this direction that the present work is focused. On the other hand, while
existing studies have demonstrated the potential of GP and BO for guiding the synthesis
of graphene-based materials, these approaches have predominantly treated the system
as a purely black-box problem, relying solely on input-output data relationships.
However, real-world experimental processes, particularly in complex systems (e.g., the
reduction reaction of graphene oxide) often contain partial prior knowledge, such as
known sources of noise or physically informed constraints, that can be integrated into
the modelling process. This motivates a shift toward grey-box modelling, which lies
between the extremes of black-box and white-box models and which are gaining
attention in the literature [273,274]. Grey-box models combine the interpretability and

structure of white-box models with the flexibility of black-box models, making them
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particularly useful in domains where partial domain knowledge is available, but the

system is too complex to be fully described analytically.

Among these, physics-informed GPs are examples of grey-box models which are
emerging as a powerful approach to integrating physical laws or constraints into the GP
framework. Unlike traditional GPs that rely solely on data, physics-infformed GPs
incorporate governing equations (e.g., differential equations) or physical principles as
prior information. This allows the model to respect the underlying
physics/chemistry/biology while still leveraging the flexibility of data-driven learning. As
a result, these models are particularly effective in scenarios where data is sparse or
noisy, as the physical constraints guide the model toward more plausible and

interpretable solutions.

A notable example of a physics-informed GP in supercapacitors is the work of Pan et al.
[275]. The model relates capacitance to pore characteristics (micropore surface area,
Smicro» Mesopore surface area, S,,.s,) and scan rate (v). In the physics-informed
formulation, the GP does not directly predict the capacitance; instead, it is trained to
predict the transformed output y = In(C,) — kv, derived from a physically motivated rate-
dependent capacitance model. The capacitance is subsequently recovered as C =
exp(y). The authors compared this approach with a fully data-driven artificial neural
network (ANN) and a conventional, non-physics-informed GP. Although the
physics-informed GP exhibited slightly higher RMSE during cross-validation, it preserved
physically consistent electrochemical behaviour at high scan rates, correctly predicting
a monotonic decrease in capacitance, whereas the ANN yielded unphysical negative
values and the conventional GP predicted increasing capacitance at high scan rates.
This demonstrates that the physics-informed model provides predictions that remain
aligned with known physical laws and mechanisms, unlike the purely data-driven

approaches.

1.3.3 Machine Learning Models and Explainability of Graphene
Capacitance

Given sufficient data and a rule-discovery algorithm, a computer can employ Machine
Learning to uncover both known and previously unknown physical laws without human
intervention [276]. Nevertheless, such data-driven discovery approaches are not without
limitations. ML models may infer correlations that do not reflect true underlying causal
mechanisms, particularly when the dataset is incomplete, biased, or noisy. This can lead
to the generation of artefactual relationships or ‘laws’ that reproduce the training data but
fail to generalize. Moreover, symbolic-regression-based methods or other rule-extraction

techniques may overfit, producing mathematically elegant expressions that lack physical
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validity outside the sampled domain. Consequently, ML-derived physical rules must be
critically assessed, validated against established theory, and ideally constrained through

the incorporation of physical priors.

This capability is particularly valuable in materials research, as it enables the
identification of patterns linking physical variables and material features to performance
metrics obtained from experimental characterisation (e.g. corrosion resistance [277],
cellular toxicity [278], elastic modulus [279] , redox potential [280]). In addition, data
derived from atomistic simulations can serve as a foundation for constructing new
descriptors and describing novel materials within established theoretical frameworks.
The potential sources of data for ML models are virtually limitless, including theoretical

simulations, experimental results, scientific literature, or combinations thereof.

Schattauer et al. [281] used ML to construct the Hamiltonian of a graphene cell with a
defect, based on atomic and electronic structures calculated via Density Functional
Theory (DFT). Deterministic models like this are especially useful for explaining material
properties from first principles. However, experimental realities often diverge from model
predictions, as many influencing parameters may be overlooked. Conversely, fully
data-driven models can achieve excellent fits to experimental data, but their complexity
can make them difficult to interpret. As a result, these models may lack a clear

correspondence with known physical phenomena.

In this section, a summary of studies using data-driven models to investigate graphene
capacitance is presented. For those studies that address model explainability, the

insights derived from the model structures are also described.

Zhu et al. collected data of carbonaceous materials from more than 300 publications,
generating a dataset with 681 instances, where 5 descriptors of materials
physics-chemical properties and electrochemical characterisation were chosen as input
variables, and the capacitance was selected as the output [282]. After filtering which of
the instances have values in all the input variables, a total of 178 of them were used to
train the ML algorithms. Four different algorithms were trained, with the Artificial Neural
Network achieving the best results of all, with a R? of 0.91. Although the accuracy of the
model was clearly stated, there was no analysis about the relative importance of each of
the input features in maximising the capacitance. Understanding the contribution of the
features to the target variable is key to guide our experimental design of new electrodes

with the objective of obtaining new materials with higher capacitance values.

Su et al. gathered 121 sets of carbon-based supercapacitors, with seven characteristics

describing their chemical and physical properties, plus capacitance [283]. Four different
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ML algorithms were used, and three error metrics were calculated to compare the results.
The best results were obtained by using Regression Trees, giving the highest R?, and
lowest Root Mean Square Error (RMSE) and Mean Absolute Error (MAE). Moreover, by
studying the structure of the trained Regression Trees, a set of rules defining the
capacitance from the model input variables were extracted, concluding that the Potential
Window, followed by the SSA and the Ip/l¢ ratio were the factors that affected the most

to the capacitance of the materials in the dataset.

Zhou et al. investigated the relationship between the scan rate and the surface areas of
micro and mesopores in activated carbons with the power density and specific
capacitance extracted from cyclic voltammograms in 6M KOH electrolyte [284]. The
Leave-one-out cross-validation method was used to evaluate the performance of four
ML models trained from a dataset composed of 70 data points. The tested models were
Generalised Linear Regression, Support Vector Machine and Random Forest, Artificial
Neural Networks (ANNs). K-fold cross validation with k=10 was used for fine-tuning,
while leave-one-out cross validation was employed to extract the performance metrics
of the models. To prevent overfitting in the ANNs, Bayesian Regularisation
back-propagation was used, achieving the best performance in terms of both R? and
RMSE. The ANN-trained model was used to plot heatmaps, showing the regions in the
Smicro VS Smeso Space with highest and lowest capacitance. From the heatmaps, it was
concluded that the best results are obtained when both micropore and mesopore surface
areas have moderately high values, leading to the highest capacitance. A second
conclusion was that an extremely high micropore surface area can be detrimental for the

capacitance, as it leads to inaccessibility for ion transport.

In a follow-up study, Zhou et al. trained machine learning models in which the inputs
consisted of eight variables related to carbon material features, including the surface
areas of micropores and mesopores, as well as the percentages of different nitrogen and
oxygen doping configurations [285]. Four different machine learning algorithms were
tested: generalised linear regression, support vector machine (SVM), random forest
(RF), and artificial neural network (ANN). With an R? of 0.8495 and RMSE of 31.5491
F/g, the ANN demonstrated superior performance in predicting capacitance. According
to the authors, the use of Bayesian regularisation in backpropagation was key to
achieving those results. The model provided useful insights about the physiochemical
conditions that favour carbon electrodes’ capacitance. From the previously introduced
article from the same group [284], a surface area of the micropores larger than a given
threshold can lead to lower capacitance due to a reduction in electrical conductivity and

increased inaccessibility of ions to the pores. Thus, a high presence of mesoporosity is
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also very important, as this favours ion transport through the carbon electrode.
Regarding nitrogen doping, the heatmaps extracted from the ANN model demonstrated
a higher positive impact on the capacitance of the N6-doped vs both N5 and NQ-doped
carbon groups, probably because of its higher contribution to pseudocapacitance coming
from a lower binding energy with the potassium cation, which enhances surface activity.

Oxygen doping at 1 at.% showed little effect.

Gheytanzadeh et al. trained Support Vector Machine algorithms using a set of 681
carbon-based supercapacitor characterisations from 300 publications [286]. The model
inputs consisted of 13 variables including physiochemical properties of the carbon
structures and a parameter of the electrochemical characterisation, namely the voltage
window. To find the best hyperparameters for the SVM model, a meta-heuristic
optimisation technique inspired by the social hierarchy of grey wolves was applied. After
an outlier analysis, only 31 points out of the 681 were categorised as such,
demonstrating the efficiency of the model in widely representing the inherent
relationships between the inputs and the capacitance. Sensitivity analysis showed that
the Specific Surface Area (SSA) is, by far, the factor with the strongest influence on
supercapacitance performance, followed by pore volume and O-doping. With an R? of
0.92 and RMSE of 39.2215 F/g, the authors claimed better performance compared to
previously published models [282—284].

Liu et al. evaluated how well six different ML models explained the capacitance of porous
carbon materials using 11 input features from a set of 105 samples extracted from past
publications [287]. Differently from other approaches where parameters from the
electrochemical characterisation were considered as input variables, in this article the
authors selected a dataset where all the instances have the same Potential window,
current density and electrolyte used for the characterisation of the capacitance in
common. Then, only variables related to the carbon structure were considered as inputs.
This choice served as their strategy to improve dataset balance by reducing variability
arising from heterogeneous electrochemical testing protocols, ensuring that differences
in capacitance originated primarily from material features rather than measurement

inconsistencies.

It is worth noting, however, that different studies adopt different approaches to achieve
dataset balance, and in this case the harmonisation of electrochemical conditions was
the authors’ primary method for reducing systematic variability. The best results, in terms
of R?, RMSE and MAE, were obtained using the eXtreme Gradient Boosting (XGBoost)

algorithm [288], which is based on an ensemble method that employs a regularised,
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voting-mediated contribution of predictions from a set of Regression Trees. A relative
importance analysis was also included, from which the ratio between the surface area of
the micropores (Smicro) With the SSA of the material was the most important contributor

to the capacitance, followed by the SSA alone.

Mishra et al. studied different ML models relating eight carbon physicochemical features
and four parameters of the testing system with the capacitance [289]. From an initial
dataset of 4,899 data entries, extracted from 147 publications, outlier extraction reduced
the dataset to 4,538 instances. Then, 70% of this data was used for training five different
regressors, namely Ordinary Least Square Regression, Support Vector Machine,
Decision Trees, Random Forest and Extreme Gradient Boosting. The remaining 30%
was used for testing, yielding the best results in terms of R?2, RMSE and MAPE for
Extreme Gradient Boosting, with 0.79, 40.27 F/g and 30.08%, respectively. This
algorithm was used to train multiple sub-models, each tailored to specific values of
categorical features. These features included the testing method (e.g., three-electrode
vs. two-electrode), the type of electrolyte (e.g., KOH vs. H»S0O4), and the electrode
structure (e.g., activated porous carbon, hierarchical porous carbon, or
heteroatom-doped carbon). Feature importance analysis was performed for each of the
nine sub-models. The most frequently ranked features in the top three were SSA,
nitrogen doping, pore volume, potential window, and Ip/lg ratio. While two sub-models
showed an identical top-three ranking, the remaining sub-models exhibited variations in
the order of feature importance. This highlights the strong influence of categorical
features on the insights derived. The authors' description of electrode structures

indicates that the dataset did not include graphene or its derivatives.

Wang et al. trained an Artificial Neural Network (ANN) model using a dataset of activated
carbon-based supercapacitor characterisations in both 1M H»,SO4 and 6M KOH from
various publications, accounting for a total of 288 data points [290]. The model inputs
consisted of structural features such as micropore and mesopore surface areas, and
chemical features including nitrogen and oxygen doping percentages. The dataset was
split into training (70%) validation (15%) and testing (15%) subsets. The best
hyperparameters for the ANN model were found using Bayesian regularisation, which
made the model more robust and generalised without overfitting. This yielded a RMSE
of 38.5 F/g on the test subset. This yielded an RMSE of 38.5 F/g on the test subset,
which is considered acceptable given that the capacitance values in the dataset span
from tens to several hundred F/g. The resulting error therefore represents only a small
fraction of the overall variability and corresponds to a relative deviation typically below

10-15% for the high-capacitance samples that dominate the dataset, which is a
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reasonable accuracy level of porous carbon studies based on heterogeneous data

sources.

According to the ANN model, the highest specific capacitance for N/O co-doped carbon
electrodes could be achieved with a micropore surface area of 1502 m?/g, mesopore
surface area of 687 m?/g, nitrogen-doping of 0.5 at%, and oxygen-doping of 20 at%.
Besides the model, the authors synthesized a new activated carbon using HCP-Phl
polymer as precursor and applying different heat treatments under N2 atmosphere. The
carbon materials obtained demonstrated a capacitance of 610 F/g at 1 mV/s, surpassing
all the values from the literature-based dataset, with a micropore surface area
(Smicro,Pores <2nm) of 3650 m?g, and a mesopore surface area
(Spmeso, POTES 2-50 nm) of 826 m?/g, nitrogen and oxygen doping around 1 wt% and 10
wt%, respectively. The authors re-trained the ANN using data obtained from the
characterisation of the different activated carbons they synthesised, which yielded a new
point of highest capacitance consisting in S0 Of 1710 M?/g, S;.s0, Of 1050 m?/g,

nitrogen-doping of 2.3 at% and oxygen-doping of 20 at%.

Although in this publication the ANN model trained with literature points achieved high
accuracy levels, the addition of the new small subset from the experiments strongly
affected these predictions, especially at the region of highest capacitance which was
widened in the Smicro VS Smeso heatmap. This is because the authors were generating data
that are outliers in both input parameters and capacitance. Thus, a robust model derived
from a large set of publications may not align perfectly with new experimental data,
especially when this new data exceeds the boundaries of the input and output values
that define the model. This is a common limitation in machine learning models, as they

perform well in interpolation tasks but are limited in their ability to extrapolate.

Across the reviewed literature, no single machine learning algorithm emerges as a
universally superior approach for predicting the capacitance of carbon-based or
graphene-derived supercapacitors. While artificial neural networks often report the
highest predictive accuracy, particularly when combined with Bayesian regularisation,
tree-based ensemble methods such as random forests and extreme gradient boosting
frequently demonstrate comparable robustness, especially when trained on
heterogeneous, literature-derived datasets. Overall, model performance is strongly
dependent on dataset size, feature selection, preprocessing strategies, and

experimental variability, which prevents the identification of a clear algorithmic ‘winner’.

Moreover, most of the reviewed studies rely on purely data-driven modelling approaches.

Although physically meaningful descriptors (e.g., surface area, pore size distribution,
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heteroatom doping) are commonly used as input features, the learning algorithms
themselves rarely incorporate explicit physical laws or electrochemical constraints.
Therefore, physical consistency is not guaranteed, particularly outside the interpolation
regime. Physics-guided or physics-informed machine learning approaches therefore
remain largely unexplored in capacitance modelling, representing a clear opportunity for
future research. Some of these models included various instances referring to graphene-

based supercapacitors in their datasets.

However, most data points corresponded to amorphous forms of carbon, which may
exhibit distinct properties as a supercapacitor material compared to graphene. Firstly,
graphene has superior electrical conductivity, due to its sp? hybridised carbon atoms
which facilitate charge transfer and improve rate performance [291,292]. Secondly, the
tuneable surface chemistry of graphene and its derivatives, such as reduced graphene
oxide, enables the boosting of pseudocapacitance through functional groups that are
efficiently incorporated into the graphene network and contain redox-active atoms such
as nitrogen, sulphur and/or oxygen [293]. Thirdly, graphene's excellent mechanical
properties and flexibility enable the creation of more durable and flexible supercapacitor
devices [294]. These combined properties make graphene-based materials promising
candidates for high-performance supercapacitors, potentially overcoming the limitations

of traditional amorphous carbon electrodes.

Recognising these advantages, several machine learning models have been developed
to predict the capacitance of graphene-based supercapacitors. Unlike models primarily
trained on amorphous carbon data, these approaches specifically incorporate
graphene’s unique physicochemical properties into their feature sets. Saad et al. [295]
collected 15 features from 200 papers of graphene-based supercapacitor electrodes.
The features contained physiochemical properties such as SSA, pore size or oxygen
content, as well as features defining the electrochemical tests such as potential window,
current density or electrolyte ionic conductivity. After filtering the outlier capacitance
values, defined by the inter-quantile range (IQR), 189 remaining datapoints were used
to train four ML algorithms, including K-Nearest Neighbours, Decision Trees, Bayesian
Ridge and ANNs. To avoid overfitting in the ANNs, L2 regularisation was employed.
Performance of the models was evaluated using R? and RMSE on the test split, which
was not used for training the algorithms and which represented 20% of the dataset

points.

The evaluation was performed using up to 5 different train/test splits, and the mean

values of R? and RMSE were calculated as the final metrics, following the K-fold
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cross-validation method with k=5. The best results were obtained for ANNs, with an R?
of 0.883 and RMSE of 60.42 F/g. SHAP value analysis was performed, using the ANN
model as a basis. This technique, which will be further explained in this chapter, allows
for a visual representation of the relative importance of each input feature’s contribution
to the capacitance. The features that provided the most positive SHAP values,
associated to higher capacitance, were high oxygen content firstly, followed by low

carbon content, low current density, high nitrogen and high potential window.

Authors highlighted the poor performance of the models in the 4" split of the 5-fold
cross-validation, which may be caused by the non-uniform characteristics of the train
dataset for that split. They identified the wide range of capacitance values (15 to 910 F/g)
combined with the low number of data points (189) as the potential source of

non-uniformity.

A deep analysis of the dataset employed in that study reveals that many of the
publications are related to graphene-metal oxide composites rather than graphene and
its chemical variations. This may explain the strong influence of oxygen on the
capacitance values, as materials from different works in the dataset contained metal
oxide nanoparticles with proven high capacitance, such as MnCo;04 [296], or
nanosheets like Ni(OH)2 [297]. This can bias the relative importance that this feature has
on graphene's inherent capacitance. In fact, graphene may be acting as a conductive
support rather than an active material for providing capacitance in many of the works in
the dataset. As a result, drawing conclusions about how graphene's physicochemical
properties affect the capacitance from this study alone may be challenging and should
be approached with caution. Additionally, the authors did not specify how missing data
were handled after the filtering step. This may also be relevant in evaluating the accuracy

of the model, as many of the instances in the dataset had at least one missing data point.

Chenwittayakhachon et al. created ML models to get insights about the effect of doping
elements on graphene’s capacitance [298]. Concretely, the models were trained from a
dataset based on 291 data points from 17 publications. To ensure that the capacitance
reaches zero for zero values of the SSA, 24 data points with zero capacitance and SSA
were added to the dataset. Four different algorithms were employed: Generalised Linear
Regression, Support Vector Regression, Random Forest and Artificial Neural Networks.
The inputs consisted of 11 features, including electrolyte characteristics, operating
conditions, structural properties and chemical composition. Like in the previously
mentioned publications, ANN showed the best results, with a R? of 0.93 and Mean
Squared Error (MSE) of 552.63 F?/g2.
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SHAP analysis of this model revealed that current density was the main contributor to
the capacitance, which is boosted at low current densities and reduced at high currents.
This is a general trend observed in GCD studies. Following this, low Ip/lc was the second
feature in order of importance that contributed to increase the capacitance, which
according to the authors is likely due to the less defective and reduced doping level of
the graphene. For the rest of the inputs, high oxygen levels are detrimental as well as
graphitic and pyridinic-N dopings. In the case of oxygen, intermediate values of this
feature (purple points) correspond to higher SHAP contribution. On the other hand, high

pyrrolic-N doping and other N-dopings promote superior capacitance values.

Although the authors provide clear conclusions on the effects of varying nitrogen levels
in its different chemical forms and oxygen, the limiting role of the SSA may still seem
counterintuitive. Specifically, higher SSA values have a detrimental effect, which
contrasts with the widely accepted notion in the literature that high SSA typically
correlates with increased capacitance in supercapacitors, according to the electrical
double layer theory [299-302]. Moreover, caution is needed when interpreting the high
importance of Ip/lg, as over 30% of the data for this feature was missing and imputed
using the arithmetic mean. Imputing such a large amount of data can introduce bias,
reduce variability, and potentially distort the model's understanding of the feature's true
impact. Additionally, the reliance on mean imputation may oversimplify the data, leading
to either overconfidence in the feature's role or an inaccurate estimation of its true

contribution.

The same group published another work that uses a stacking strategy to build a model
for the capacitance of reduced graphene oxide [303], where a total of 620 instances were

extracted from 40 papers, creating a dataset of 7 inputs, with the capacitance as output.

The dataset contained data from characterisation in both KOH and H.SO, electrolytes.
In fact, the electrolyte concentration was one of the inputs. The architecture of the
stacking model consisted of a base model which could be up to 5 different variations of
tree-based methods, and a top layer of either polynomial, SVM with linear kernel or ridge
regression. The dataset contained missing values for some of the features, which were
imputed using KNN, approximating the missing value by the value of its nearest
neighbours. The training, evaluation and selection of the stacked model architecture was
carried out by combining Montecarlo Cross-Validation with K-Fold CV with k=10. The
best model achieved an MAE of 14.3 F/g. The best model achieved an MAE of 14.3 F/g.
Although MAE gains meaning only through comparison, this value is relevant because,

according to the authors, it represents the lowest error across all 865 evaluated models,
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outperforming the best standalone model (14.8 F/g). Moreover, they note that an error
of ~14 F/g is comparable to the experimental variability typically reported for capacitance
measurements of graphene-based supercapacitors, indicating that the model achieves
alevel of accuracy that is practically consistent with real-world electrochemical variability.
While this was not explicitly stated by the authors, the SHAP analysis showed that SSA
was the most important physicochemical feature, followed by %Nitrogen and %Oxygen.
In a recent work from the same group [304] with a much larger dataset consisting of 1089
instances, the top 3 features were the same, but in this case, nitrogen ranked first,
followed by SSA and oxygen concentration. The authors compared their results with
other works, analysing the different sources of inconsistencies with other works
conclusions such as differences in dataset size or in the distributions of data for the same

feature across different datasets.

Kaya et al. trained six Machine Learning models using a dataset based on 1723
instances from 94 articles, with capacitance as objective variable and up to 12 input
variables [305]. The input variables included both numerical and categorical aspects
describing the material, its synthesis condition and the electrochemical characterisation.
From the six types of algorithms, artificial neural network obtained the best results, with
RMSE of 26 F/g. The study was based on capacitances measured using cyclic
voltammograms in various aqueous electrolytes, including graphene materials together
with activated carbon, carbides, nanotubes and xerogels. The total number of instances
referring solely to ‘graphene’ was 174, of which 11 samples had oxygen levels exceeding
10%. Consequently, compared to other forms of carbon, the contribution of reduced

graphene oxide electrodes to the trained model dataset is limited.

Although ANNs consistently appear as the best-performing models across the reviewed
works, this superiority should be interpreted with caution. A common denominator among
many of these studies is that the reported validation strategies are not strictly designed
to guarantee independence between training and testing data. As a result, the
performance metrics may be inflated due to various forms of data leakage or unclear

separation between hyperparameter tuning and final evaluation.

For instance, Zhou et al. [284] combined k-fold cross-validation and leave-one-out
evaluation, which compromises the independence of the test set; Su et al. [283] reported
a 10-fold procedure without reserving an external test set, so the metrics correspond
only to internal validation; Zhou et al. [285] first applied k-fold cross-validation (k=17) on
the entire dataset and then reported a 70/15/15 split for training, validation and testing,

but the arithmetic of this partitioning is inconsistent with the dataset size (N=170), raising
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questions about the true separation of test data; and Saad et al. [295] reported both a
fixed 80/20 split and additional k-fold validation, which leaves the exact evaluation

protocol unclear.

Even in cases where the splitting procedure is more rigorous, meaning that the authors
explicitly separated the data into training, validation, and test subsets with a clear
external test set (e.g., Chenwittayakhachon et al. [298], Kaya et al. [305]), the random
allocation of datapoints can still result in training and test sets containing highly similar
samples from the same publication, since many instances correspond to nearly identical
materials characterized under different electrochemical conditions. Under such
circumstances, high-capacity models such as ANNs are particularly prone to capturing
these intra-paper regularities, which artificially boosts their predictive accuracy compared

to more parsimonious algorithms.

Furthermore, the use of relatively complex ANN architectures on small datasets (e.g.
Saad et al. [295] with only 189 instances) raises additional concerns about overfitting
despite the application of regularisation. Taken together, the apparent dominance of
ANNSs in capacitance prediction may reflect, at least in part, methodological limitations
rather than an intrinsic superiority of the algorithm. Table 1-7 below summarises the main

characteristics of the best-performing models that include graphene in their dataset.

Table 1-7. Summary of ML models predicting capacitance based on characteristics of carbonaceous
material, including graphene.

No. Dataset Model
. . R? RMSE (F/g) MAE (F/g) CV method Top-3 features* Ref.**
publications size Inputs
K-Fold 1.5SA
41 121 7 0.76 67.62 52.03 2. Pore volume [283]
k=10 X
3. Pore size
1.SSA
300 681 13 0.896 39.22 - - 2. Porevolume [286]
3. % Oxygen
0
K-Fold 1. % Oxygen
200 189 15 0.88 60.42 - 2. % Carbon [295]
k=5 X
3. % Nitrogen
1. Io/le
K-Fold 2. % Oxygen
17 315 11 0.926 23.51 k=10 3. % Graphitic [298]
Nitrogen
Montecarlo Lt
40 620 7 = = 14.3 s=10 2.% Nitrogen [303]
3.% Oxygen
Montecarlo 1.% Nitrogen
91 1089 9 0.559 58.0 37.9 _ 2.SSA [304]
s=5
3. % Oxygen
K-Fold 1.5SA
94 1723 16 - 26.5 18.32 k=10 2. % Nitrogen [305]

3. Pore volume
*according to the feature importance analysis described in the corresponding publication. Features related to material synthesis and/or

electrochemical characterisation conditions were excluded from the ranking.

**Zhu et al. [282] was excluded due to the lack of feature importance analysis in the publication.

While the table compares models based on similar metrics, it is important to note that

the underlying datasets are not homogeneous. Each model utilises datasets composed
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of different sources and inputs. This heterogeneity implies that direct, quantitative
comparisons between the reported performances should be approached with caution.
However, the comparison remains valuable because it allows the identification of broader
trends that emerge across studies. Although all studies describe their materials as
graphene-based, this apparent uniformity masks relevant differences in synthesis,
composition and dataset construction. These variations introduce substantial variability

that must be considered when interpreting and comparing their reported results.

For example, [283] and [298] included capacitance characterisations obtained with KOH
and H>SOs electrolytes in their works, whereas [305] and [295] also incorporated data
using other electrolytes like Na>SO.. In fact, excluding the model used in [283], the rest
of the models incorporate characteristics of the electrolyte (concentration, chemistry, ion-
mobility...) as inputs of the model. Features related to electrochemical characterisation
techniques are also used as inputs, with [295] and [298] including current densities from
GCD curves, and [305], incorporating scan rates from CV curves. However, the models
in refs. [286] and [283] exclude these variables. In the latter case, the authors mention a

restriction in the dataset to points characterised at low current densities (<1 A/g).

Despite these differences, a pattern does emerge when considering the ranking of
physicochemical features. Across the majority of studies, models consistently identify
specific surface areas as one of the strongest predictors of capacitance. Oxygen appears
in the top three for five models. Pore volume is featured in the top three for three models,
with two second-place rankings and one third-place ranking. Nitrogen ranks third twice,
second twice and first once. The convergence of these findings suggests that, although
the datasets and modelling approaches vary, the models tend to attribute predictive

importance to similar underlying material characteristics.

A further distinction can be made across the models, specifically the number of instances
related to graphene. While in [295] and [298] the entire dataset is related to graphene
materials, for [283], [286] and [305] this is not the case. In fact, an analysis of the datasets
from these publications reveals that the percentage of instances containing graphene
data as input are 27%, 14% and 10%, respectively. This means that in the datasets from
which these models have been built, the graphene data is in a limited percentage, shared
with other forms of carbon such as activated carbon or carbon nanotubes. This,
combined with the previous analysis of rankings, suggests that SSA and Pore Volume
are likely two of the three most important features in a general model for carbon
materials. However, this may not apply when the analysis is focused specifically on

graphene.
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In fact, by studying the feature rankings of the models including only graphene materials,
they apparently agree on the importance of oxygen and nitrogen levels for capacitance.
However, a comparison of their SHAP plots (Figure 1-9 below) can lead to inconsistent
conclusions. As previously stated, this type of plot shows the importance of the features
and also provides information about the relationship between the feature values and the
model's output. Although the underlying datasets and experimental conditions differ
between studies, the comparison here focuses on the qualitative trends extracted from
each model rather than on their absolute values. For instance, in [295] both high oxygen
and nitrogen content result in high capacitance, whereas in [298] the highest oxygen
levels are detrimental, along with high levels of graphitic-nitrogen. Furthermore, while
avoiding low Ip/lg ratios is one of the most important physicochemical characteristics
recommended by the [298] model to achieve high capacitance, this feature has the least

relevance in the [295] model.

Taken together, these inconsistencies indicate that, beyond algorithmic performance, a
critical methodological issue emerges across many of the reviewed studies: the

robustness of the reported validation strategies.

High

0 at% M ot . ® ®
Cat% e 4 W High
Current Density (A/g) . Seeni Current Density = l' ' g auint
— Y IDAG ot ohe, sl iy @99 0 '.“. > an
Potential Window (V) R TR %0 .y “"’m
Electrode Configuration X T %NQ Rt ; .
Pore Size (nm) ER S 3 %N5 P 3
= T
] 3
Charge Transfer Resist > (oF e o %S . - o e o
1arge Transfer Resistance (ohm) ¢ e e
Electrolyte Concentration (M) e g %NG s o @ee s ----*.q g
Equivalent Series Resistance (ohm) ' B SSA _...*
Specific Surface Area (m?/g) o lfie KOH (M) ....
Pore Volume (cm¥/g) Lot %0therN + ossman
Electrolyte lonic Conductivity = H,50, (M) ' i
Cell Configuration '-' ' ) ) B | = L
. 4 -150 -100 -50 0 50
Ratio of ID/IG SHAP value (impact on model output)

Low

-200 -100 100 200 300 400
SHAP value (impact on model output)

Figure 1-9. SHAP plots of ML models for graphene capacitance: (left) [295], (right) [298], reproduced with
permission.

1.3.4 Research Gap

The literature presented here reveals a clear research gap concerning the optimisation
of graphene oxide reduction processes through ML. While several studies have
examined how synthesis conditions influence the properties of reduced graphene oxide
(rGO), none have systematically investigated the combined effect of time and
temperature on capacitance when using ascorbic acid, a non-toxic and environmentally

friendly reducing agent, within the oxidation-reduction synthesis route. In addition,
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although Gaussian Processes (GPs) have been increasingly used to model experimental
systems, no study has yet incorporated experimentally derived noise into GP modelling
in the context of graphene-based supercapacitors. This is particularly relevant given the
variability typically observed in laboratory-scale synthesis. Finally, no previous work has
introduced physics-informed constraints into the GP model, particularly bounds on the
length-scale hyperparameters that reflect real synthesis conditions and measurement
limitations. These constraints are critical to ensure that the resulting model remains
applicable when scaling up the reduction process. This research gap will be tackled in
Chapter 4, where a ML framework is developed to guide the chemical reduction of
graphene oxide using ascorbic acid, with the aim of improving its performance as a

supercapacitor electrode.

As highlighted in the literature, existing ML models for predicting the capacitance of
graphene demonstrate considerable variation in both feature importance and underlying
data structure. These inconsistencies arise from heterogeneous datasets that differ in
electrolyte type, electrochemical characterisation methods, and material composition. In
particular, models trained on mixed-carbon datasets (e.g., activated carbon, CNTs, and
graphene) often generalise trends that may not accurately apply to graphene-based
materials, or more specifically, to rGO. Even among models trained solely on this family
of materials, feature attribution varies significantly. For example, oxygen content appears
beneficial in one model yet detrimental in another. Such contradictions suggest
overfitting to limited and unevenly distributed datasets, leading to misleading

interpretations of the key physicochemical properties governing capacitance.

Chapter 5 addresses these challenges by developing a rGO-specific ML model that
prioritises physical correctness and aims to avoid overfitting. A series of novel and
domain-informed strategies are introduced during model development to ensure that the
output is not only statistically reliable but also consistent with established knowledge
about capacitance in this nanomaterial. This approach enables a more accurate and
meaningful identification of the key physicochemical features influencing performance,

helping to close the gap between data-driven modelling and experimental insight.
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2 Methods and Materials

2.1 Contribution Statement

The Kish graphite material used in this study, including its expanded form and the
reduced graphene oxide derived from it, was provided by ArcelorMittal Global R&D. The
author performed the deposition of Pt catalyst on the reduced graphene oxide, as well
as the cyclic voltammetry (CV) and linear sweep voltammetry (LSV) measurements on
both the Kish-derived materials and the reduced graphene oxide samples.
Interlaboratory studies carried out in the Electrochemical Innovation Lab at UCL were

designed and performed by the author, supported by UCL student Zahra Rana.

The reduction of graphene oxide from external graphene oxide samples, along with the
associated capacitance studies, was coordinated and supervised by the author and
executed by laboratory technicians. Additional interlaboratory studies conducted in the
Department of Physics at UCL were coordinated and partially performed by the author,
designed by Dr. Srinivas Gadipelli and supported by UCL student Hanieh Akbari.

Gas physisorption analyses were performed by technicians at the ArcelorMittal Global
R&D laboratories. Scanning electron microscopy (SEM), Raman spectroscopy, and
elemental analysis were carried out by the external laboratory INCAR, while coordination

provided by the author.

All coding machine learning work, including data extraction, curation, model

development, and evaluation, was done by the author.

2.2 Experimental Techniques

2.2.1 Graphene Synthesis

Graphene can be synthesised using two general approaches: a bottom-up, in which
graphene crystals are grown on a catalyst surface from a gaseous carbon such as
methane; and a top-down, in which graphene layers are extracted from graphite [306].
Several strategies have been reported in the literature for isolating graphene from
graphite. The most widely used approach begins with an oxidation step, which aims to
increase the interlayer spacing between the graphene sheets that make up the crystalline
structure of graphite. This is typically carried out using the well-known Hummers method,
a wet-chemical process with many reported variations [307,308]. Following oxidation,
ultrasound is applied to the graphite oxide suspension. The energy from the ultrasonic
waves is absorbed by the graphite oxide particles, leading to their exfoliation into

graphene oxide sheets and resulting in a stable aqueous dispersion.

79



The presence of oxygen-containing functional groups on graphene oxide sheets ensures
the long-term stability of their dispersion in water, which is not easily achieved with
water-based dispersions of pristine graphene [309]. The ability to produce stable
aqueous suspensions is an important advantage when scaling up graphene production,
as it greatly facilitates the industrial development of graphene-based technologies. For
example, the Chinese company Sixth Element claims a production capacity of 1,000
tonnes per year [310]. Moreover, the presence of oxygen-containing functional groups
on graphene oxide sheets enables further chemical functionalisation. This expands the
range of potential applications, including composites, water filtration, gas separation, and

other advanced material systems [311-313].

On the other hand, properties such as electrical conductivity are negatively affected by
the presence of oxygen-containing functional groups. This limits the suitability of
graphene oxide for applications that require efficient electron transport, such as Li-ion
battery electrodes, supercapacitors, and catalyst supports in PEMFCs. Therefore, a
reduction step is essential to restore conductivity and enable the use of graphene derived

from graphite oxidation in electrochemical devices.

There are different means to reduce graphene oxide, using laser-based [314], biological
[315], thermal [316], microwave [317,318], chemical [319], hydrothermal [320] or
electrochemical [321] means. The most widely used reduction methods are chemical,
employing reagents such as hydrazine [322], sodium borohydride [323], ascorbic acid
[324] or plant extracts [325]. Developing reduction strategies that combine multiple
approaches remains an active area of research in the graphene field. For example, in
[212], a method combining graphene samples with varying oxidation levels and a
two-step reduction process, consisting first of a chemical step followed by a thermal one,
was shown to effectively increase the surface area of the reduced graphene oxide
powder. This approach enabled the fabrication of flexible supercapacitors with record

performance.

2.2.2 Graphene Oxide and Reduced Graphene Oxide from Kish Graphite

Kish Graphite is a byproduct of steelmaking which can contain up to 60% of pure
graphite. Within the steel shop and its surroundings, Kish accumulates in several
locations, each yielding material with varying levels of graphite purity. Figure 2-1 below
shows these accumulation points at the ArcelorMittal factory in Avilés, Spain, along with

the corresponding carbon content of Kish samples from each location.
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Figure 2-1. Collection spots of Kish graphite from the ArcelorMittal factory in Avilés, Spain.

Once collected, Kish graphite is sieved to separate particles based on their size. The fine
fraction (<50 pym) is removed, while the coarser fraction (250 ym) is retained for further
processing. The retained fraction is subjected to a flotation step to separate graphitic
material from non-carbonaceous impurities. Following flotation, acid leaching is
performed using a HCI, with an acid-to-graphite weight ratio between 0.25 and 1.0, to

remove residual metallic contaminants [326].

The cleaned Kish graphite is mixed with NaNOs and concentrated H.SO4 in a mass ratio
of 2:1:100 under continuous stirring in an ice bath. Then, 3.5g of KMnO4 per gram of
Kish is added gradually to oxidise the graphite, keeping the temperature below 5°C. The
mixture is then transferred to a water bath at 35°C and maintained for several hours to
enhance oxidation. All steps involving chemical reactions are conducted in a fume hood

due to gas emissions.

Finally, the oxidised mixture is diluted with deionised water, and H202 (30%) is added to
decompose residual permanganate. HCI (15%) is then used to remove manganese
dioxide. The resulting graphite oxide is collected via centrifugation, washed with
deionised water until neutral pH is achieved, and dried. The dried graphite oxide is

redispersed in water, sonicated for exfoliation, and centrifuged to separate unexfoliated
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material. The supernatant, containing well-exfoliated graphene oxide, is collected for

further use.

Figure 2-2. Visual progression of material transformation. Left: Raw Kish graphite sample. Centre:
Aqueous suspension of graphene oxide obtained from oxidised Kish graphite. Right: Dried graphene oxide
powder after exfoliation and purification.

Graphene oxide powder is reduced following a chemical route based on the use of
ascorbic acid as reducing agent. While the reduction parameters are variable, a typical
procedure followed consists in adding 4 g of ascorbic acid are added into 2 L of graphene
oxide dispersion with a concentration of 2 g-L". The reaction mixture is continuously
agitated at 90°C for 3 hours to completely reduce graphene oxide sheets. A good
indicator of an efficient reduction process is the accumulation of graphene at the bottom
of the vessel, resulting from to the loose of oxygen-containing groups, as shown in Figure
2-3.

.

Figure 2-3. Suspension of ascorbic acid with reduced graphene oxide at the bottom.

2.2.3 Expansion of Kish Graphite

ArcelorMittal Global R&D holds several patents related to the synthesis of
graphene-based materials from the expansion of Kish graphite [326—328]. For the results
described in Section 3.2.1 of this thesis, the following expansion technique was used: a
few grams of Kish graphite were added to a solution containing (NH4)2S20s and H2SOa.

After 5 minutes of stirring at room temperature, the expanded Kish cake was neutralised
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using sodium bicarbonate and dried at 180°C for 2 hours. Finally, the powder was

subjected to microwave treatment (800 W for 60 seconds), to induce further expansion.

Adding Expansion
reagent process
(NH,);S,0; 5 mins stirring
H,SO, Room temperature

Unpurified Kish Graphite

Cleaning
and drying

 d—

Sodium bicarbonate
180°C 2 hours

Microwave &
: &

Double Expaﬁded Graphite

Expanded Graphite Expanded Graphite cake

Figure 2-4. Steps for the expansion of Kish Graphite using chemical and microwave processes.

2.2.4 Cyclic Voltammetry

Cyclic voltammetry (CV) is one of the most widely used techniques for investigating
electrochemical reactions occurring in a given material. It enables straightforward
identification of redox potentials associated with the electroactive species under
analysis. This technique provides valuable insights into the thermodynamics of redox
processes, as well as the kinetics of heterogeneous electron-transfer reactions and

associated electrochemical or adsorption processes.

The method involves linearly scanning the potential of the working electrode using a
triangular waveform. The potential is swept from an initial value (V+) to a final value (V2)
at a defined scan rate (mV-s™). If only a single sweep is performed from V, to V. without
reversal, the technique is referred to as linear sweep voltammetry. The resulting plot of

current versus applied potential is known as a cyclic voltammogram (CV).

To perform CV measurements, the experimental setup includes an electrochemical cell,
a potentiostat, a current-to-voltage converter, and a data acquisition system [329]. Figure
2-5 illustrates the basic configuration of a three-electrode electrochemical cell used for
cyclic voltammetry, together with an example voltammogram obtained on a Pt electrode.
The setup includes a working, reference and counter electrode immersed in an

electrolyte.
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Figure 2-5. Left: Schematic representation of an electrochemical cell for CV experiments. Reproduced
from [330]. Right: Cyclic voltammogram of polycrystalline Pt (1 1 1) in 0.5 M HCIO4 at 10 mV/s, from [331].

The potential of the working electrode varies linearly with time during a cyclic
voltammetry experiment, while the reference electrode maintains a constant potential.
Common reference electrodes include the saturated calomel electrode (Hg2Cl;) and the
silver/silver chloride electrode (Ag/AgCl). The counter electrode completes the electrical
circuit by conducting current between the power source and the working electrode. The
electrolyte supplies ions to the system, enabling oxidation and reduction reactions to
occur at the electrode interfaces. In the case of metallic electrodes in aqueous
electrolytes without pronounced redox activity, cyclic voltammograms commonly exhibit

three distinct regions:

1. The hydrogen region, at low potentials, where current peaks result from the
adsorption and desorption of hydrogen on the material under investigation.

2. The oxygen region, at high potentials, where Faradaic reactions occur. In this
region, the material is either oxidised (positive currents, following the IUPAC
convention [330]) or reduced (negative currents), depending on the scan
direction.

3. The double-layer region, situated between the hydrogen and oxygen regions,
where no current peaks are observed. This indicates the absence of Faradaic
reactions, and the current is primarily due to the charging and discharging of the

electrochemical double layer.

The double-layer region provides insight into the electrochemical surface area of the
catalyst. By contrast, cyclic voltammograms of typical supercapacitors electrode
materials are typically dominated by this double-layer region, since their charge storage
is largely capacitive and does not involve hydrogen or oxygen regions associated with

adsorption or faradaic processes. However, materials such as reduced graphene oxide

84



can exhibit pseudocapacitive contributions, introducing faradic redox processes into the

CV, as will be discussed later in this thesis.

By integrating the current with respect to time within this region, the total electrostatic
charge associated with the formation of the Helmholtz double layer at the electrode
surface can be determined. This charge, when divided by the width of the applied voltage
window, allows for the estimation of the double-layer capacitance. This relationship can
be described mathematically as:

i Q
Cdv(t)/dt V, -V,

Equation 2-1

where C is the capacitance, i(t) is the measured current as a function of time, dv(t)/dt
is the voltage sweep rate, Q is the total charge stored and V, — V; is the applied voltage

window.

To obtain a reliable estimation of the capacitance, the electrochemical cell should be
preconditioned by cycling it for at least 20 cycles before recording the data. These cycles
should be performed within a potential range that avoids the onset of redox reactions,
typically from 0 V to the maximum voltage. The maximum voltage should correspond to
the electrochemical window of the electrolyte, similar to those used in commercial cells.
For aqueous electrolytes, this range is generally from 0 to 1 V, while for organic

electrolytes it extends from 0 to approximately 2.5-2.7 V [332].

2.2.5 Linear Sweep Voltammetry and Rotating Disk Electrode

Linear sweep voltammetry (LSV) involves scanning the potential from a lower limit to an
upper limit using a linear potential waveform, where the slope is determined by the scan
rate. An LSV curve is generated by plotting the measured current as a function of the

applied potential.

A rotating disk electrode is a device used to establish a well-defined hydrodynamic flow
that enhances mass transport primarily through convection. It creates a stable, laminar
flow of the electrolyte toward the electrode surface. The RDE consists of a polished,
conductive disk that serves as the working electrode, embedded in an insulating
cylindrical body. The entire assembly is rotated around an axis perpendicular to the
electrode surface [333]. In a linear sweep voltammetry (LSV) experiment using a RDE,
the angular rotation rate, w (rad/s), determines the mass transport—limited current, as

described by the Levich equation:
1 .
iy = Bw? Equation 2-2
where B is the Levich constant, defined as:
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2 -1 _
B=062nFAD3veécC Equation 2-3

With n the number of electrons transferred in the half reaction, F the faraday constant, A
the electrode area, D the diffusion coefficient, v the kinematic viscosity of the electrolyte
and C the analyte concentration. To model the electrical current at an electrode from an

electrochemical reaction, the Koutecky-Levich equation is applied:

—_—=—4— Equation 2-4

Thus, in a rotating disk electrode experiment, this expression is simplified as follows:

1 1 1
—=—+t—7 Equation 2-5
lm 157 Bw?

Equation 2-5 allows the determination of the kinetic current from the measured current,
the Levich constant for the system, and the rotation rate of the working electrode. The
kinetic current is a critical parameter when evaluating the performance of a material as
an electrocatalyst, as it reflects the intrinsic catalytic activity. It also serves as a basis for

comparing the catalytic performance of different materials.

Since the Koutecky-Levich equation accounts for both kinetic and diffusion-limited
currents, RDE experiments are best suited for extracting kinetic parameters in reactions
where kinetic are not overwhelmingly fast. For highly facile reactions, such as the
hydrogen oxidation reaction (HOR) in acidic media, the current is almost entirely limited
by mass transport, making it difficult to accurately determine kinetic parameters using
RDE. In these cases, gas diffusion electrodes (GDEs) are preferred, as they enhance

mass transport and enable more accurate assessment of intrinsic catalytic activity.

2.2.6 Constant Current Charge/Discharge

Constant Current Charge Discharge involves successive charging and discharging
cycles of the supercapacitor or working electrode under study, using a constant current.
The current is reversed when the nominal voltage V, (i.e., the maximum operating
voltage of the device) is reached, switching the system from charging to discharging. The
output of the experiment is the potential versus time curve. Figure 2-6 shows the
idealised voltage-time response of a supercapacitor during galvanostatic
charge-discharge cycling. Under constant current, the voltage increases or decreases
linearly with time, and the capacitance can therefore be obtained from the slope of the

discharge segment according to

C= I-(tay, — ty,)

Equation 2-6
Vo
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where:

o [ is the applied current,

e I, is the nominal (maximum) voltage reached at the end of the charging step,

e ty, is the time at which the discharge begins, i.e., when the voltage is Vj.

* tyy, is the time at which the voltage returns to 0 V, corresponding to the end of
the discharge step.
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Figure 2-6. lllustration of CCCD test result from Electric Double Layer Capacitors or Pseudocapacitors with
linear potential change over time. Reproduced with permission from [334].

By selecting two voltages within the linear region and measuring the time difference
between them, the capacitance can be determined from the constant-current relationship
I = CdV /dt. The schematic in Figure 2-6 also highlights different regions of the charge
and discharge process, including the IR drop observed at the current reversal point,

which reflects the internal resistance of the device.

CCCD test, also known as Galvanostatic Charge-Discharge (GCD), is considered one
of the most versatile and accurate methods for characterizing supercapacitor (SC)
devices [334]. It enables the evaluation of key performance parameters, including total
capacitance, internal resistance and peak voltage. From these primary values, other
important characteristics such as time constant, cycling stability, power and energy
densities, leakage current and peak current, can be derived. In addition, the CCD test
provides access to properties such as specific capacitance, reversibility, and the
potential window of SC materials. Figure 2-7 compares the three most common
configurations used for electrochemical testing of supercapacitor materials: the

three-electrode setup and the symmetric and asymmetric two-electrode setups. Each
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configuration distributes the applied current and measured voltage differently across the
electrodes. While the three-electrode configuration isolates the response of the working
electrode, the two-electrode setups reflect the full device behaviour. Understanding this
distinction is essential for interpreting reported capacitance values and for comparing the

results presented in this work with literature data.
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Figure 2-7. Schematic diagrams and equivalent circuits for (a) a three-electrode setup, (b) a two-electrode
setup with equal electrode masses, and (c) a two-electrode setup with different electrode masses.
Reproduced with permission from [334].

Three main experimental configurations are used to evaluate the capacitance of SC
electrode materials: the three-electrode setup, the symmetric two-electrode setup, and
the asymmetric two-electrode setup (see Figure 2-7 above). The three-electrode
configuration is particularly effective for accurately determining the specific capacitance
of SC materials, while the two-electrode configuration is commonly employed in SC
device prototypes or final products. In this thesis, the three-electrode setup is used to

evaluate the capacitance of graphene-based materials.

It is important to note that selecting an appropriate current intensity is critical for obtaining
consistent and reproducible data. Other experimental conditions, such as electrode
thickness, electrolyte composition and mass loadings, also strongly influence the
electrochemical response. It is generally recommended [332] that the mass loading be
at least 5 mg-cm and the electrode thickness range between 50 and 200 um. These
constraints are important because excessively thick electrodes can introduce ion
transport limitations, thereby masking the intrinsic capacitance of the active material. The
applied current should be adjusted to achieve charge and discharge durations of
approximately 5 to 60 seconds, which reflect the typical timescales of ultracapacitor

operation.

In most applications, the electrochemical behaviour of a SC under an external load
closely resembles the response of a working electrode in a CCCD test [335]. Due to

internal resistance, a voltage drop occurs at the beginning of the discharge curve. For
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more accurate capacitance evaluation, this initial IR drop should be excluded from the

voltage window used in the calculation.

Figure 2-8 below illustrates the procedure followed to prepare the electrodes for the
CCCD tests. The active material, binder and conductive additive are mixed, processed

into a film, cut into discs and dried before assembly into the electrochemical cell.

Mixture of components Rolling electrode slab, then cut
(binder, active material and into individual circular Dry overnight
conductive additive) electrodes

Figure 2-8. Methodology for the preparation of rGO electrodes for CCCD tests.

2.2.7 Raman Spectroscopy

Raman spectroscopy is a fast, non-destructive characterisation technique that provides
insights into the structural and electronic properties of materials. It has been extensively
used in the study of graphene and other carbon allotropes such as carbon nanotubes,
fullerenes, diamonds, or amorphous carbon by the scientific community [336] (see left
spectra in Figure 2-9 below). The key features in the Raman spectra of carbon-based
materials are the so-called G (graphite) and D (defect) peaks, typically located around
1560 and 1360 cm™, respectively, for visible laser excitation. The G peak arises from
the in-plane bond stretching of all pairs of sp2-hybridised carbon atoms in rings and
chains. In contrast, the D peak originates from the breathing modes of sp? atoms in

six-membered rings and is activated by structural defects or disorder [337].

Raman spectroscopy is highly effective in detecting structural defects in graphene,
identifying functional groups, and assessing the degree of exfoliation as well as chemical
and structural modifications introduced during synthesis, processing, or post-treatment.
This makes it a valuable tool for quality control, enabling comparison between graphene
samples from different research groups and commercial sources, and for ensuring

reproducible, scalable graphene production.

In particular, the G (1560 cm™) and 2D (2700 cm™) peaks in the Raman spectra are
sensitive to the number of graphene layers (see the right subplot in Figure 2-9 below). In
bulk graphite, the 2D band is split into two components: 2D+ and 2D, with intensities

roughly 1/4 and 1/2 that of the G peak, respectively. In contrast, monolayer graphene
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displays a single, sharp 2D peak with an intensity approximately four times that of the G

peak. This distinction makes the 2D peak a reliable indicator of graphene exfoliation and

|| Graphite f"l', _ ?F__t_eﬂ«//__//&
L

number of layers [337].
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Figure 2-9. Dependence of the Raman spectra on number of layers and disorder [336]. Left: Raman
spectra of graphite, metallic and semiconducting nanotubes, low and high sp3 amorphous carbons; Right:
2D peak as a function of N for 514 nm excitation. Flakes with N layers are indicated by NLG. Reproduced

with permission.

In graphene samples, Tuinstra and Koenig established that Ip/l¢ varies inversely with the
crystal size L,, following the relation La: In/lc = C(A)/La, where A is the excitation laser
wavelength and C(A) is a wavelength-dependent proportionality constant. The coefficient
C(514 nm) is approximately 4.4 nm. However, this relation does not hold for amorphous
carbon, where an increase in the D peak intensity corresponds to greater structural
ordering, opposite to the behaviour in graphene. In graphene, edges also break
translational symmetry, producing effects on the Raman spectra similar to those caused
by structural defects in the sp? carbon network. A direct result of this symmetry breaking
is the activation of the D and D’ peaks [336].

Therefore, both the intensity of the D peak and the Ip/lg ratio serve as useful indicators
of the presence of edges and structural disorder in graphene sample. This is especially
relevant when graphene-based materials are used as electrodes in SCs, where these

factors influence the porosity, surface area, and electrical conductivity of the electrode.

In the Raman spectra of oxidised forms of graphene, the G band is typically broadened
and upshifted to around 1594 cm™', while the D band at 1363 cm™' becomes more intense
(see Figure 2-10 below). These changes are associated with a reduction in the size of
crystalline sp? domains caused by oxidation. In reduced graphene oxide, the Raman
spectra also exhibits both G and D bands (at 1584 and 1352 cm™, respectively).
However, the D/G intensity ratio is higher than that of GO. This indicates an increase in
the number of sp? domains, but with smaller average sizes compared to those in GO
[338].
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Figure 2-10. The Raman spectra of graphite (top), GO (middle), and the reduced GO (bottom).
Reproduced with permission from [338].

228 SEM

Scanning Electron Microscopy (SEM) is a widely used imaging technique that produces
high-resolution images by scanning the surface of a sample with a focused beam of
electrons. The interaction between the electron beam and the atoms in the sample
generates signals that reveal surface features and topography. SEM is one of the most
employed methods for obtaining magnified images and its extensively used across
disciplines such as biology, chemistry and materials science. Furthermore, it serves as

a fundamental analytical tool in the field of nanotechnology.

With respect to graphene samples, SEM is a non-invasive and effective manner for
visualizing the shape and morphology of the graphene flakes [339]. While sample
preparation can take time, the imaging process itself is fast, typically on the order of
minutes, allowing for quick image acquisition. It is typically used to provide qualitative
information about its exfoliation degree and quantitative information about the flake size
distribution from a powder sample containing thousands of flakes. However, the flake
population used for such analysis is restricted to the SEM'’s field of view. To obtain
statistically meaningful results, it is recommended to measure the lateral size of at least
200 individual flakes from a given sample [340]. For more accurate quantitative analysis
of graphene flake size distribution, optical microscopy, combined with specialised
sample preparation, is generally preferred. Nevertheless, this thesis does not aim to
quantify the flake size distribution of the graphene powders under investigation. Instead,

SEM will be used to evaluate the morphological aspects of the samples.
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Coating samples with gold or carbon, commonly done to reduce surface charging in
low-conductivity materials, is not recommended for graphene, as it can interfere with the
accurate evaluation of flake dimensions. In terms of imaging conditions, low accelerating
voltages (typically below 5 kV) are preferred for graphene SEM analysis. This is because
secondary electrons generated at lower voltages help minimise charging effects, and the
thin nature of graphene allows the electron beam to easily penetrate the flakes,

potentially resulting in a loss of surface detail [339,340].

For sample preparation for both Raman spectroscopy and SEM analysis, this thesis will
follow the standardised protocols developed by the National Physical Laboratory (NPL)
and the University of Manchester in 2017, which are widely regarded as the most

appropriate for characterizing graphene powders [340].

2.2.9 Elemental Analysis

Elemental analysis is used to determine the carbon, oxygen, and nitrogen content in the
graphene samples. The sample is heated to approximately 1200°C in an oxygen-rich
atmosphere, resulting in combustion and the release of gases such as N,, CO2, H,O and
SO,. These combustion products are carried by a helium flow through a gas
chromatography (GC) column, where they are separated using

temperature-programmed desorption (TDP).

2.2.10 Gas Physisorption

As highlighted in this study [339], only 13 out of 60 commercial samples marketed as
graphene were actually graphene or few-layers graphene; the remainder were primarily
graphite. This underscores the need for a rapid and reliable method to distinguish
graphene powder from graphite powder, which is essential to ensure a consistent and

trustworthy supply.

In this context, gas physisorption isotherms, combined with Brunauer-Emmett-Teller
(BET) theory, can serve as a fast and effective method for qualitatively assessing the
degree of exfoliation in graphitic powders. This approach also enables classification of
various graphenic and graphitic materials based on their nanostructural characteristics.
Gas physisorption offers notable advantages over microscopy-based techniques: it is
faster, more repeatable, and relies on a much larger flake population for characterisation,

enhancing statistical reliability.

The main challenge associated with this technique is the requirement to work with dry
powder samples. During the handling of graphene dispersions, it is common for flakes

to agglomerate after the drying process due to electrostatic attractive forces. This
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agglomeration reduces the accessible surface area compared to a well-dispersed
distribution of individual graphene flakes. Therefore, proper sample preparation is

essential to ensure reproducible and comparable results.

However, as demonstrated in this study [341], this method is suitable only for qualitative,
not quantitative, evaluation. This limitation arises because the specific surface area
values obtained may overestimate the number of layers in the primary particles, due to

the presence of agglomerates.

On the other hand, as described in section 1.3, a large specific surface area is a strong
performance indicator of a material’s suitability as an electrode for supercapacitors, since

capacitance is given by the equation C = %, where A represents the specific surface

area.
This thesis will employ gas physisorption combined with BET theory to determine the
specific surface area of graphene powders. This will serve both to evaluate the material's

similarity to graphenic structures and as an early indicator of its potential performance

as a supercapacitor electrode.
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2.3 Machine Learning Techniques
Machine Learning is a field that combines mathematical and computational methods to
automatically detect patterns in data, construct models based on these patterns, and use

them to make predictions or support decision-making under uncertainty [342].
Machine Learning is usually divided into two main types:

e Unsupervised learning: where a set of N initial inputs x; are given, forming the
training dataset D = {x;}"_,. The objective is to discover underlying structure in
the data, producing outputs such as clusters, latent representations, or learned
features. This process is also known as knowledge discovery.

e Supervised learning: where a labelled set of input-output pairs D = {x;, y;}}\_, are
given, and the goal is to establish a map between the input x; and the output y;
variables. Depending on the nature of the output variables, supervised learning
can, in turn, be divided into two categories:

o Classification: when the outputs y; are categorical or nominal.

o Regression: when the outputs y; are real-valued scalars.

Supervised learning is the most widely used form of Machine Learning (ML) in practice.
This thesis focuses on regression models, aiming to establish relationships that map the
synthesis conditions (input variables) of graphene-based materials to electrochemical

performance indicators like capacitance or ORR onset potential.

In the context of uncertainty, probabilistic theory serves as a powerful framework for
addressing questions such as: What is the best prediction of future outcomes given past
data? What is the most appropriate model to explain observed data? Or, what
experiment should be performed next to improve our understanding of an unknown
function? Therefore, the following sections will introduce basic principles from probability

theory that are widely applied in ML.

2.3.1 Parametric vs Non-Parametric Models

One of the key distinctions in supervised and unsupervised learning models is whether
they employ a fixed or data-dependent number of parameters. Models with a fixed
number of parameters are referred to as parametric models. Examples include linear
and polynomial regression as well as neural networks, including their Bayesian variants
[342]. These models are characterised by a predefined model structure, relatively

efficient training, and fast prediction times.

Neural Networks (NNs) are a prominent class of parametric models. A NN algorithm

performs the mapping between inputs and outputs via a set of interconnected processing
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nodes distributed in layers, assigning weights and biases to the inputs [343]. Through
the introduction of an activation function on each node, highly complex, non-linear data
correlations can be described. Thus, NNs are good for datasets with complex problems
with multiple features. The main limitation for NNs is that large amount of training data is
needed to build the network, and the training process is often highly computationally
intensive. Section 1.3.3 introduced several examples of NNs trained to relate the

physicochemical properties of different carbon forms with their capacitance.

On the other hand, non-parametric models have no fixed parameter count, their
parameters grow with the data, whereas only hyperparameters are set a priori. This
means that each additional data point can increase the model's complexity.
Non-parametric models are well-suited for capturing non-linear relationships and can
achieve acceptable accuracy with relatively small datasets. However, they also present
certain limitations. These models often perform poorly with large datasets due to higher
computational requirements. In addition, their accuracy is highly sensitive to the choice
of hyperparameters, which are variables that configure the model but cannot be learned
directly from the data [344].

It is important to distinguish between parametric versus non-parametric models, which
refers to whether the number of parameters is fixed or grows with the dataset, and
deterministic versus probabilistic models, which describes whether uncertainty is
explicitly modelled. For instance, Bayesian neural networks are parametric models with
a fixed number of parameters while being probabilistic in nature, whereas Gaussian
Process models represent a canonical example of probabilistic non-parametric

approaches, as discussed later in this section.

There are two main families of non-parametric models: kernel methods and decision
trees [342]. Kernel methods are a class of learning algorithms that predict the output for
a new input through a linear combination of functions (kernel functions) that contain the
similarity among data points within the dataset. There are multiple examples of kernels
that are used in ML including Linear, Gaussian, String and Fisher kernels. Most of the
kernels used are symmetric and non-negative functions. Examples of learning methods
that are supported by kernel functions are Support Vector Regression, Relative Vector
Machine or Gaussian Process Regression. The latter regression method will be

explained in more detail below.

Decision trees can be used for both classification and regression tasks. They are
constructed using simple decision rules, such as if-then-else statements, derived from

the input features [345], resulting in a model that approximates the target function
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through piecewise constant segments. They are easy to understand, interpret, and
visualise; require minimal data preparation; and can handle both numerical and

categorical features, as well as problems involving multiple outputs.

Despite their advantages, decision trees have several limitations. They are prone to
overfitting, often producing overly complex models that fail to generalise well to unseen
data. They are also unstable, as small changes in the training data can result in very
different tree structures. Furthermore, because decision trees represent piecewise
constant functions, they are neither smooth nor continuous. This limits the ability to
extrapolate or make accurate predictions beyond the range of the training data [345]. To
address these issues, multiple decision trees can be combined into an ensemble model
to improve predictive performance. This technique is known as a Random Forest, which

typically offers greater accuracy and robustness compared to individual trees [346].

2.3.2 Gaussian Processes

A Gaussian Process (GP) is a stochastic process in which any finite collection of function
values follows a multivariate Gaussian distribution [347,348]. This probabilistic
framework offers several advantages, including the ability to quantify uncertainty. This
allows for an objective evaluation of how much is unknown about the relationship
between variables and how that uncertainty is distributed across the input space.
Moreover, GPs can model complex underlying patterns through the use of kernel
functions and enable the use of Bayesian Optimisation (BO) in experimental design. BO
is a method for efficiently finding optimal experimental conditions that has been shown
to be more efficient than traditional experimental approaches, balancing exploration and
exploitation through a systematic and informed approach (i.e., active learning). While BO
is not restricted to GPs and can be implemented using other probabilistic models, GPs
remain a particularly popular choice due to their strong uncertainty estimates and data

efficiency.

A GP is fully defined by a mean function u(x) = E[¢|x], which represents the expected
value of the unknown function ¢ at any input x, and a covariance function (or kernel),
k(x,x") = cov[p, ¢’ | x,x'] = E[(¢p — u(x))(¢" — u(x’))"], which defines how function

values at different inputs x and x’ are correlated.

Training a GP involves selecting a suitable covariance function and optimising its
hyperparameters, which are the adjustable parameters that govern the behaviour of the
kernel. In practice, these hyperparameters are learned from data using methods such as

Maximum Likelihood Estimation (MLE) or Bayesian inference. Once the kernel and its
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hyperparameters are determined, the GP can be fit to the dataset. One of the most widely

used kernels is the Radial Basis Function (RBF):

1
k(x,x") = afz exp (— 3 x—x")"M(x— x’)) Equation 2-7

where afz is the variance of the function being modelled, M is a symmetric, positive

semi-definite matrix that encodes the characteristic length scales of the input

dimensions, typically computed as:

M= diag(ll_z, . lc_iz), Equation 2-8
where € = (172, ...,13%) is a vector of positive length-scales, one for each dimension.
These length-scales determine the rate of decay of the exponential function, indicating
how far one must move along each input dimension for the function values to become
effectively uncorrelated [348]. Thus, a large length-scale implies that the covariance
becomes nearly independent of corresponding input dimension, effectively making it
irrelevant in the inference process. In contrast, a small length-scale indicates that the
input has a stronger influence on the model, suggesting higher relevance. The RBF
kernel combines high flexibility with computational simplicity, governed primarily by two

hyperparameters: afz and #. Its high flexibility enables it to capture complex underling

patterns in the data while maintaining good generalisation performance, even with

relatively small datasets.

The argument inside the exponential function essentially represents the scaled
Euclidean distance between the input points x and x’, where the distance is divided by
the length-scale. When input points are close, the covariance approaches 1, indicating

high correlation. As the distance between inputs increases, the covariance decreases.

For large values of [;, function values remain correlated over longer distances, leading
to smoother functions. Conversely, small [; values reduce the correlation range, allowing
the model to capture fine-grained, rapidly changing patterns in the data. While this makes
the GP capable of fitting complex functions, it also increases the risk of overfitting,
particularly when the data contains experimental noise, as is common in laboratory

measurements.

To mitigate overfitting, a regularisation term can be added to the covariance function in
the form of an additional kernel known as the White Kernel. This kernel adds independent
noise variance to the diagonal of the covariance matrix, resulting in a combined kernel

of the form:
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1
k(x,x') = szexp <— 5 x—x)TM(x — X')) + 025(x,x") Equation 2-9

where the constant ¢? controls the amount of noise added. This has the effect of
improving numerical stability, preventing the model from fitting noise in the data, and
reducing overfitting by enforcing smoother predictive functions. Once € and ¢? are
selected, the GP provides a flexible framework for approximating a black-box function,

even when starting with a small initial dataset.

In this thesis, Gaussian Processes were implemented using the Scikit-learn package
[267], an open-source Python library that supports both supervised and unsupervised
ML methods. Scikit-learn also provides tools for model fitting, evaluation, and data
preprocessing. The Gaussian Process Regressor class [349] was used to perform
regression with Gaussian Processes. By default, the prior mean is assumed to be
constant and zero, although it can be customised based on the training dataset. The
covariance is defined through a kernel function, whose hyperparameters are optimised
by maximising the log-marginal-likelihood using a specified optimiser. The noise level in
the data can be accounted for through the alpha parameter, which may either be
estimated during optimisation or directly provided by the user when experimental

measurements of the noise variance are available.

An illustrative example in two dimensions is shown in Figure 2-11 below. In this example,
a Gaussian Process is applied using RBF kernel, and the posterior distribution is
constructed after nine observations of the true underlying function. The top panel
displays samples from the prior distribution, demonstrating the range of smooth functions
considered plausible before any data are observed. The prior mean remains at zero, with
a uniform uncertainty band across the domain. In contrast, the lower panel shows the
corresponding posterior distribution. The observed data points (in red) constrain the GP,
leading to a posterior mean that interpolates the observations. The uncertainty band
contracts around regions with data and widens elsewhere, reflecting the model’s updated
confidence. Posterior samples illustrate how the GP balances adherence to the

observations with uncertainty in unobserved regions.
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Figure 2-11. Prior and posterior distribution using Gaussian processes with radial basis function kernel
after 9 observations [350].

2.3.3 Bayesian Optimisation

As previously described in this thesis, Bayesian Optimisation is a probabilistic approach
for the global optimisation of a ‘black-box’ objective function. It works by sequentially
selecting input values and evaluating the corresponding outputs of the objective function,

with the aim of efficiently exploring the input space.

Mathematically, this process begins by defining a prior distribution, p(¢), over a
surrogate function ¢ (x) that approximates the true objective function f(x), where x is a
vector of input variables, each treated as a random variable [351]. The prior is selected
based on an initial set of data points (input-output pairs), reflecting our assumptions
about the likely form of the underlying function. Typically, a GP is used as the prior due

to its flexibility and capacity to model uncertainty.

When a new observation (x,, f (X,) =y,) is obtained, Bayesian inference is applied to
update the prior and obtain a posterior distribution, p(¢|x,,y,), which reflects the
updated belief about the function given the new data. This update is performed using

Bayes’ theorem:

p(P| Xp,yn) = p((}blx;)(}-,:(zgxn, ¢) Equation 2-10
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Where p(y,|X,, ¢) is the likelihood of the new observed value, and p(y,, x,) is a

normalisation constant, given by:

p(Ynlxn) = fp(Ynlxn: ¢) : P(¢|xn) d(l) Equation 2-11

This sequential updating of the prior (i.e., the surrogate model) enables efficient
approximation of the objective function using only a small number of parameters. In the
case of a Gaussian model, only a mean (p) and a variance (o?) are needed. Therefore,
BO provides a framework for continuous refinement of our beliefs about the function as

new data from experiments or simulations become available.

To evaluate the fidelity of this inductive process and guide where new observations
should be taken in the experimental space, a formal Bayesian optimisation policy is
required. This is achieved through the use of an acquisition function, a function that
guides the selection of the next point to evaluate by quantifying how valuable each
candidate input is for the optimisation process. The acquisition function assigns a score
to each potential input location based on its expected contribution to the optimisation

process, balancing two competing objectives:

1) Exploration: selecting the point that maximises the knowledge gain on the
parameters space
2) Exploitation: choosing the observation where the objective function is

apparently maximised.

There are several types of acquisition functions, each implementing a different strategy

for this trade-off. Among the most widely used are the following:

e Upper Confidence Bound (UCB): which consists of a straightforward

exploitation versus exploration trade-off, balanced by a parameter:

aycg (X 4) = u(x) + 1o(x) Equation 2-12

Where u(x) is the mean of the surrogate model as a function of x and ¢(x) its
variance; 1 is a parameter that serves to weight the importance of gaining

knowledge about the variance versus the mean for the next observation.

¢ Probability of Improvement (Pl): computes the probability of an observed value
to improve upon some chosen threshold, regardless of the magnitude of this

improvement. Defining a function ‘improvement’ /(x) as:
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1(x) = max(f(x) — f(x7),0) Equation 2-13

where ®(x) is the Gaussian Cumulative Distribution Function and x* is the best
solution obtained so far to maximise f(x). Then, Probability of Improvement can

be defined as acquisition function as it follows:

Equation 2-14

px) — f(X*)>

ap/(x;x*") =Pr(I(x) >0) = db( )

o Expected Improvement (El): balances the exploitation of the most stable
regions and the exploration of high-uncertainty regions within the compositional

space.

pEx) - f(x9)

pux) - f (X*)>
o(x)

) +o(xX)¢ ( ()

EI(x) = E[I(®)] = () —f(X*))<1><

Equation 2-15

where ¢(x) = \/%exp (- 22—2), i.e. the probability density function of the normal

distribution V'(0,1).

There are multiple open-source toolkits that permit the implementation of Bayesian
optimisation in different forms. Table 2-1 below summarises some the most popular

ones. This thesis will focus on NEXTorch.
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Table 2-1. Open Source Software Libraries for Bayesian Optimisation.

License Language Year | Access, reference paper
Academic and s
SMAC Non-commercial Python 2016 hitps://github.com/automl/S
MAC3
research use
Academic and e
Spearmint Non-commercial Python 2012 https.//glthub.cgm/HIPS/Sp
earmint
research use
GNU Affero o .
Bayesopt General Public Ctt 2014 https://github.com/rmcantin
Li /bayesopt
icense
. https://orion.readthedocs.io
Orion BSD Python | 2017 | e stable/index.htm
https://automl.github.io/Hp
BOHB BSD-3 Python 2018 | BandSter/build/html/index.
html
https://dragonfly-
Dragonfly CCBY 4.0 Python 2020 | opt.readthedocs.io/en/mast
er/
BoTorch MIT Python 2020 https://botorch.org/
https://nextorch.readthedoc
NEXTorch MIT Python 2021 s.io/en/latest/index.html

To summarise, experimental design can be effectively supported by machine learning to
reduce the number of experiments required to achieve a specific research objective. In
the context of BO, this reduction is achieved by iteratively selecting the most informative
next experiments based on a surrogate model, rather than relying on exhaustive or
grid-based exploration. The efficiency of this process is affected by several aspects,
including the quality of data and the configuration of the surrogate model. It is also
influenced by the choice of stopping criteria, such as setting a maximum number of
iterations, applying expected improvement thresholds, or the surrogate-model
stabilisation (i.e. assessing whether the model stops changing significantly as new data
are collected). Since BO may not converge to a global optimum in complex or noisy

design spaces, these choices help guide the optimisation.

The process relies on three main components: (1) a regression model trained on an initial
set of known data, also referred to as a surrogate model; (2) a policy strategy that
balances the trade-off between exploitation (maximising or minimising the objective) and
exploration (gaining knowledge); and (3) an update mechanism based on Bayes’

theorem, which incorporates newly acquired data into the model.

This cycle is executed iteratively until the research objective is met. Depending on the
key performance indicators (KPIs) considered, the optimisation can be formulated either

as a single-input/single-output (SISO) problem, where a single response is optimised, or
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as a multi-input/multi-output (MIMO) problem, which may require a multi-output Gaussian

Process.

In this work, the optimisation problem is defined by maximising the capacitance of rGO
using two experimental inputs, namely the temperature and the duration of the reduction
process. This corresponds to a multiple-input/single-output (MISO) formulation, which

can be modelled using a single-output Gaussian Process surrogate.

The overall workflow is commonly referred to as active learning, and the complete

process is illustrated in Figure 2-12 below [255].

Active learning cycles Iteration 3 Iteration 5 Iteration 7

Surrogate model

Merit

=== Objective (unknown) '\
Surrogate model : ®Tested samples
_A Uncertainty ‘ A Next candidate

Figure 2-12. Description of an active learning cycle. Reproduced with permission from [255].

Update model Suggest the
with new data next candidate

Measurement and/or
calculation of the candidate

Acquisition

Figure 2-12 illustrates the active learning cycle used in BO. The left panel summarises
the sequential workflow, which involves three main steps: (1) suggesting the next
experimental candidate based on the acquisition function and the current state of the
surrogate model, (2) performing the experiment or calculation to obtain the
corresponding output value, and (3) updating the surrogate model with this new

information. This cycle is repeated iteratively as new data become available.

The right panels show the evolution of the surrogate model over successive iterations
(iterations 3, 5 and 7). In each panel, the red curve represents the true but unknown
objective function, while the green curve corresponds to the surrogate model prediction,
and the shaded green area indicates the model uncertainty. The black crosses denote
the input points that have already been tested, and the black triangle marks the next
candidate selected by the acquisition function. The lower sub-panels display the

acquisition function, whose maximum identifies the next point to evaluate.

At each iteration, the surrogate model becomes progressively more accurate in regions
where data have been collected, as indicated by the shrinking uncertainty band. The
acquisition function balances exploration of regions with high uncertainty and exploitation
of regions predicted to yield high objective values. Through this iterative process, BO
directs sampling toward the most informative or promising areas of the input space,

thereby reducing the number of experiments required to approach the optimum.
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The active learning cycle described above illustrates how Gaussian Processes, BO, and
acquisition functions operate together within an iterative framework. As the surrogate
model is updated with new measurements, its predictions become progressively more
accurate in sampled regions, while the acquisition function guides the exploration of
promising or uncertain areas of the design space. This interplay demonstrates how
machine learning can support experimental planning more efficiently than conventional
trial-and-error approaches, especially when experiments are costly or datasets are
sparse. Altogether, the concepts presented in this section form the methodological
foundation used in the subsequent chapters, where these principles are applied to
optimise the synthesis conditions and electrochemical performance of graphene-based

materials.
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3 Electrochemical Characterisation and Associated
Uncertainty in Kish and Reduced Graphene Oxide

Summary

This chapter explores two experimental directions motivated by the preceding literature
review, focusing on performance metrics and experimental uncertainty in: (1) oxygen
reduction reaction (ORR) studies of raw Kish and Kish-derived graphene, and (2)

capacitance evaluation of reduced graphene oxide (rGO).

The ORR investigations are driven by iron’s established catalytic activity and the unique
composition of Kish graphite, a graphite-iron impurity composite derived from
steelmaking. The capacitance studies are driven by emerging research on carbon-based
Machine Learning models for supercapacitors and the increasing use of Bayesian

optimisation for graphene synthesis.

Variability and noise characteristics are analysed across the different experimental test
families. ORR reproducibility is evaluated through variability in liner sweep voltammetry
(LSV), while capacitance performance is assessed via consistency in galvanostatic

charge-discharge (GCD) curves.

The study introduces intentional random variability into the experimental workflow. For
RDE experiments, samples were fabricated with deliberately varied drying conditions
during ink deposition, simulating uncontrolled fluctuations typical of electrode
preparation. Systematic variability was assessed by comparing characterisations of
similar samples across different laboratories. For capacitance evaluations, rGO samples
were chemically reduced, with purposeful noise introduced through variations in stirring

during the reduction process.

This chapter has two primary objectives. First, to assess whether the steelmaking
byproduct Kish or its derivatives exhibit potential as electroactive materials. Second, to
develop a framework for uncertainty quantification in experimental tests involving
graphene’s synthesis and electrochemical evaluation, which will be expanded upon in
the subsequent chapter discussing physics-informed Gaussian Processes for Bayesian

optimisation.

3.1 Introduction

Electrochemical characterisation plays a critical role in evaluating the performance of

materials for energy conversion and storage applications. While electrochemical data

105



are often presented with apparent precision, a deeper understanding of the sources and

structure of uncertainty is essential for the reliability and reproducibility of these results.

Within this context, it is worth recalling the distinction made by Colemand and Steel in its
comprehensive book [352] between measurement uncertainty, which refers to the
precision (i.e. reliability and accuracy) with which a quantity is measured, and
experimental uncertainty, where variability in the data arises from factors unrelated to
inherent errors of the measurement system. Electrochemical measurements often
involve multiple overlapping sources of experimental uncertainty, arising from factors
such as electrode surface preparation, electrolyte composition, temperature stability,
reference electrode drift, and instrumental limitations (e.g. potentiostat resolution,

rotation speed control) [353—-356].

Bhandari et al. [357] studied the effect of various experimental parameters on the
performance evaluation of Ni-Co oxide as a catalyst for the oxygen evolution reaction
(OER) under alkaline conditions. Measurements were carried out using the RDE
technique, and the influence of different parameters was analysed, including the
presence of Fe impurities in the electrolyte, the binder used to prepare the catalyst
dispersion (PTFE vs. Nafion), and the catalyst loading. The OER activity curves were
affected by all these parameters. Particularly notable was the influence of trace Fe
impurities in the electrolyte, which shifted the polarisation curve to lower potentials by
nearly 100 mV. In fact, the performance in the purified electrolyte, with Fe impurities
below 0.08 ppb, was time-dependent, showing a decline after 2 hours compared to its
performance immediately after conditioning. High mass loadings exhibited a greater
tendency for bubble attachment, likely due to the increased porosity of the catalyst film.
Moreover, films with low catalyst loading demonstrated poorer stability, failing to maintain

performance beyond two hours, probably due to a lower availability of active sites.

The same group coordinated an interlaboratory study aimed at evaluating the influence
of local laboratory conditions on ORR performance using the RDE technique [358]. A
standardised measurement and conditioning protocol, including the electrochemical
setup (potentiostat and electrochemical cell) and electrode materials, was implemented

across all laboratories to minimise variability arising from these factors.
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Figure 3-1. Left: distribution of potential for each of the laboratories (indicated by different colours) needed
to reach 2, 5 and 10 mA-cm. Right: potential at 10 mA-cm before (CV 1) and after (CV 2) the stability
measurement. Reproduced from Ref. [358] with permission from the Royal Society of Chemistry.

Figure 3-1 and Figure 3-2 illustrate the variability observed in rotating-disk electrode
measurements across different laboratories. Figure 3-1 shows the distribution of
potentials required to reach 2, 5, and 10 mA-cm?, which were defined as key
performance indicators (KPIs) by the coordinating group to enable comparison of results
among laboratories. While the variability among repeated measurements within a single
laboratory was less than 15 mV at 10 mA-cm, the spread increased to 110 mV when
comparing results across different laboratories (see Figure 3-1), indicating that

interlaboratory variability was nearly eight times higher.

The authors identified the drop-casting process used for electrode fabrication as a major
source of this variability, due to its inherently limited reproducibility when performed
manually. Small variations in pipetted ink volumes (on the order of a few pL) were also
noted as potential sources of inaccuracy. In addition, the criteria used to judge whether
a deposited catalyst film is sufficiently homogeneous for RDE testing may differ among
researchers. Figure 3-2 presents photographs of catalyst films prepared by the same
researcher using the drop-casting method. The images highlight the strong influence of
manual deposition on the visual uniformity of the films and, consequently, on the

reproducibility of the electrochemical response.

Taken together, these figures demonstrate that even when the same catalyst and
nominally similar procedures are used, variations in film preparation and experimental
handling introduce significant dispersion into the measured electrochemical data. This
supports the conclusion that a substantial fraction of the variability reported in the
literature is methodological rather than intrinsic, which strongly motivates the explicit

treatment of the uncertainty associated with manual procedures adopted in this thesis.
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Figure 3-2. Photographs of different catalyst films deposited on glassy carbon electrodes, prepared by the
same researcher. Ref. [358] with permission from the Royal Society of Chemistry.

Dos Santos et al. [359] analysed various factors affecting measurements of specific
capacitance in materials. The authors distinguished between random errors, which can
be mitigated through replication experiments and proper reporting of data along with
adequate statistical analysis, and systematic errors, which are much more difficult to
detect and quantify. The study identified several sources of potential errors such as
temperature fluctuations, caused by inadequate thermal control of the room or poor heat
dissipation by the device under test or electromagnetic fields from sources such as

electric pumps, fluorescent lamps, or mobile phones near the measurement setup.

The authors further discussed how specific electrochemical techniques may introduce
systematic inaccuracies if misapplied. For the CV technique, variations in scan rate
influence ion adsorption in micropores, altering the double-layer formation and thus the
measured capacitance, especially when the electrical series resistance (Resr) affects the
CV profile. In GCD experiments, deviations from the ideal triangular profile, particularly
when Faradic redox-processes are present, invalidate basic analytical equations,

requiring alternative approaches to accurately assess stored and dissipated energy.

The article complemented its detailed analysis of error sources with an experimental
assessment demonstrating how variations in measurement procedures and equipment
can impact the reproducibility of results. Figure 3-3 below presents two tables
reproduced with permission from the original publication. Table 1 (top) displays
capacitance values evaluated for the same material, calculated using CV and GCD
methods, under both best and worst practice conditions (a detailed description of these
practices was not provided). The percent error in capacitance calculations reached
69.1% for CV and 15.7% for GCD. Table 2 (bottom) illustrates the effect of changing the
potentiostat while consistently applying best practices. In this case, the measurements
showed much less variability, with errors of 3.2% and 4% observed for capacitance

estimations from CV and GCD, respectively.
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Coleman and Steele [352] defined three categories of experiments: timewise,
sample-to-sample and transient measurements. Timewise experiments involve repeated
measurements under nominally steady conditions. In the context of electrochemical
testing, such experiments typically require a prior conditioning step to ensure a steady
state for both the material under investigation and its environment. For RDE experiments,
this conditioning involves collecting CVs for several minutes under N» saturation to
remove impurities from the catalyst surface (including oxides). In GCD experiments, a
waiting period is introduced after immersing the electrodes in the electrolyte to ensure

proper wetting of the pores and consistent immersion throughout the hierarchical porous

structure.
Table 1
Comparisons between the best and worst practices for electrochemical characterization of SCs.
Practice for characterization ov? GCp® EIS SPSC®
of SCs e
Cenp. Cepi© Resg? Z:e' Zimg' Iain
(Fg") (Fg™) (Q) (Q) (Q) (HA)
Best 9.3 13.1 12.0 46.5 1208.6 6.8
Worst 5.5 15.7 0.9 752.7 1966.7 -240.0
Percent error™ 69.1 16.6 1233.3 93.8 385 102.8

*The capacitance is obtained based on a graphical integration of the area under the voltammogram to an WVW of 1.2 V and a scan rate of 500 mV s '; Cepr and the resistance
Resg are calculated based on the GCD discharge curve to an WVW of 1.2 V; The applied current to charge and discharge the SC is €(0.05 mA) and 4(5 mA); The imaginary
(~Zimg) and real {Z..) part of the impedance in the Nyquist plot at a frequency of 10 mHz, and a steady state voltage of 0.3 V superimposed with a sinusoidal perturbation
voltage of 10 mV peak; #lyyy is the minimum current achieved after 60 s to a single potential step of 1.2 V (i.e., the leak current). "Percentage error between best and worst
practice.

Table 2
Reproducibility obtained using the best practices adopted in this work for the electrochemical characterization of SCs.
Potentiostat cve GCp® EIS SPSC®
CEDL CEDLc R[SR‘I ch 'zlmz[ ’MIN
(Fg™) (Fg™") (©Q) (@) (Q) (mA)
BSC-810 " 121 123 1.3 125.8 1040.0 0.22
SP-200 12.4 126 1.5 111.4 979.8 0.24
SP-150 12.0 121 20 107.3 997.9 0.28
Average 12.2 123 1.6 1148 1005.9 0.25
Percent error' 3.2 4.0 35.0 147 5.8 21.4

*The capacitance is obtained based on a graphical integration of the area under the voltammogram to an WVW of 1.2 V and a scan rate of 500 mV s '; ®Cegp, and the
resistances Rgsg are calculated based on the GCD discharge curve to an WVW of 1.2 V; The applied current to charge and discharge the SC is §0.05 mA) and %5 mA); The
imaginary “(~Zimg) and real '(Z;.) part of the impedance in the Nyquist plot at a frequency of 10 mHz, and a steady state voltage of 0.3 V superimposed with a sinusoidal
perturbation voltage of 10 mV peak; lyyy is the minimum current achieved after 60 s to a single potential step of 1.2 V (i.c., the leak current); "This potentiostat has a voltage
range fixed at 10 V; 'Percentage error between the lowest and highest value.

Figure 3-3. Comparison of best and worst practices for the electrochemical characterisation of
supercapacitors (Table 1, top), and reproducibility obtained using the best practices across different
potentiostats (Table 2). Reproduced with permission from [359].

Although considered to be under steady state conditions, these tests remain sensitive to
random errors arising from uncontrollable environmental variations. As previously
introduced, changes in electrolyte composition during RDE cycling [357] can cause small
deviations in the measured current or onset potential. Similarly, in GCD experiments,
temperature fluctuations or electromagnetic noise can affect the charge-discharge profile
of the materials being tested [359].

Sample-to-sample experiments introduce additional variability associated with inherent
differences between samples. From the analysis presented above, testing multiple
Pt/graphene electrodes prepared via the same protocol will inevitably reflect the

influence of the handmade dropping affecting surface morphology, particle dispersion,
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film thickness, and fabrication consistency on the resulting ORR activity. In the context
of capacitance testing, different graphene electrodes, even if nominally identical, may
exhibit variations due to differences in porosity, surface functionalisation, or differences

in the mass of the electrodes [360].

Transient experiments investigate time-dependent processes and present specific
challenges in capturing dynamic variable under controlled conditions. These techniques
are particularly valuable in electrochemical systems, where reaction kinetics and mass
transport evolve over time. Uncertainty in electrochemical transient experiments can
arise from multiple sources. Cycling tests, which evaluate the lifetime performance of
devices such as supercapacitors or catalysts, fall into this category. In this thesis, the
focus will be on timewise and sample-to-sample experiments, leaving transient
experiments as a topic for future work. Particularly relevant in this area is the work of
Shangwei Zhou [361], who employed advanced diagnostics techniques, supported by
Machine Learning, for fast and cost-effective online evaluation of the state of polymer

fuel cells.

To systematically handle such diverse forms of uncertainty, it is useful to differentiate
between repetition, which involves making repeated measurements under identical
conditions, and replication, which refers to a structured approach to repetition that
accounts for varying conditions. A hierarchical framework for replication in timewise
experiments, originally proposed by Moffat [362], defines three key levels of replication:
zeroth-order, first-order, and Nth-order replication. According to Coleman and Steele

[352], this framework can also be applied also to sample-to-sample experiments.

At the zeroth-order level of replication, experimental conditions are held constant, and
time is effectively treated as frozen. In practical terms, for electrochemical testing, this
could include measuring properties such as electrical conductivity, electrode mass, or
magnitudes at open-circuit potential. At this level, the only contributors to variability are
the intrinsic noise and resolution of the instrumentation, which can be considered an

irreducible source of error.

First-order replication introduces time as a variable while maintaining fixed
instrumentation. In electrochemical testing, this level includes repeated measurements
performed on the same sample or on different samples prepared using the same
procedure (i.e. sample-to-sample experiments), which represents the standard practice
for ensuring measurement reproducibility. When the same sample is used, this might
involve measuring several polarisation curves on a single Pt/graphene electrode without

re-polishing or re-preparing it, all within a narrow time interval to minimize environmental
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drift. Similarly, performing several GCD cycles on the same graphene electrode under
fixed current and electrolyte conditions would provide a first-order estimate of

uncertainty.

When different samples are used, this includes acquiring polarisation curves for RDE
tests or charge-discharge profiles in GCD tests from two samples prepared using the
same procedure, measurement protocols, and data analysis techniques. In this context,
variability in results can arise from the same factors previously described for sample-
to-sample experiments, such as changes in ambient temperature or humidity, aging of
the reference electrode, inconsistencies in catalyst ink deposition or electrode mixture,
or the evolution of the electrode surface. Estimating uncertainty at the first-order level
provides insight into the reproducibility of the measurement procedure and the reliability

of the synthesis and sample preparation methods.

Nth-order replication introduces the highest degree of realism by allowing both
instrumentation and experimental conditions to vary between measurements.
Instrumentation refers to differences in the hardware used to perform the experiment, for
example, different potentiostats, reference electrodes, reference electrode junctions, or
rotation controllers. Experimental conditions, in contrast, refer to the aspects of the
procedure and environment that affect the measurement but are not part of the
instrument itself, such as electrolyte preparation, cell geometry, electrode mounting,

temperature control, or laboratory-specific protocols.

A simple illustrative example is the reproduction of an RDE limiting-current measurement
in two different laboratories: one lab may use a different potentiostat and a reference
electrode from another supplier (differences in instrumentation), while preparing the
electrolyte with different purity salts and using a slightly different electrode immersion
depth (differences in experimental conditions). In this situation, systematic errors that
would be normally fixed, such as voltage offset in a particular reference electrode or a
bias arising from a specific electrode alignment procedure, become random variables

when each measurement uses a different but nominally equivalent setup.

In RDE measurements, for instance, systematic deviation in measured limiting currents
due to differences in electrolyte purity control or electrode geometry can be modelled
statistically under Nth-order replication. Likewise, in GCD experiments, the capacitance
calculated using different current sources, electrodes mounting systems or data analysis
protocols [363] may exhibit dispersion that reflects broader systematic uncertainty. At
this stage of replication, the uncertainty estimate integrates both random and systematic

contributions, effectively representing the full range of expected experimental variation.
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To practically apply the structured uncertainty framework discussed above, a series of
RDE tests were conducted to investigate both the intrinsic performance of
Pt/graphene-based catalysts and the variability introduced through sample preparation,
testing conditions and laboratory equipment. These experiments offer a real-world case
study of first-order and Nth-order replication, illustrating how differences in catalyst

deposition, loading, and processing affect measured electrochemical performance.

3.2 Results

3.2.1 Experimental

Reduced Graphene Oxide (rGO) was synthesised using a modified Hummers method,
as described in the Methods section, starting from Kish graphite from ArcelorMittal
steelworks in Avilés, Spain. Reduction was carried out using ascorbic acid as the

reducing agent. Elemental analysis revealed the following composition:
Table 3-1. Composition of Reduced Graphene Oxide from Kish graphite.

%Carbon | 80-85%

%0Oxygen | 15-20%

%Sulphur | 0.5-1%
%Nitrogen <1%
%Ash <1%

This indicates that the degree of reduction was limited, and that the oxygen content
remains relatively high in this sample. Figure 3-4 shows the morphology and Raman
response of the reduced graphene oxide powder synthesised from Kish graphite. The
SEM images reveal the characteristic wrinkled and crumpled-sheet structure of rGO,
while the Raman spectrum displays the D and G bands typically observed in sp? carbon
systems. The D band is associated with disorder and edge defects, and its relative
intensity with respect to the G band provides information on the degree of structural
imperfection. This figure confirms that the material obtained after chemical reduction
remains highly defective. The pronounced D band and the resulting I, /I ratio indicate

the coexistence of multiple small sp?> domains separated by oxygen-containing defects.

From a catalytic perspective, this structure is advantageous because the sp2 network
preserves electrical conductivity, while the defects and residual functional groups provide
anchoring sites that promote strong metal-support interactions and the homogeneous
dispersion of Pt nanoparticles. The SEM micrographs further show a crumpled, sheet

like morphology consistent with a porous network of agglomerated graphene derived

112



layers. At both magnifications, the material appears to retain a degree of structural
disorder and folding, which may help limit complete restacking of the sheets and
preserve accessible surface area. Overall, such a morphology is generally favourable for
use as a Pt catalyst support, as it can facilitate nanoparticle deposition and provide
pathways for electronic conduction, although these observations should be regarded as

qualitative.

1000 1250 1500 1750 2000 2250 2500 2750 3000 3250 3500
Raman Shift (cm-)

Figure 3-4. Top: SEM images of reduced graphene oxide powder; bottom: Raman spectra, with an Ip/lc
ratio typical from RGO powders, showing an intense D band related to a high presence of defects.

To deposit Pt on graphene, the polyol method described in Al-Youbi et al. [364] was
followed. This method involves the reduction of a Pt-precursor in a liquid alcohol medium
at moderate temperatures. The alcohol acts both reducing agent and solvent. First, a
dispersion of reduced graphene oxide in ethylene glycol was ultrasonicated for 1h. Then,
1.25 mmol solution of HoPtCls in ethylene glycol was added dropwise under magnetic
stirring at 60°C, to avoid the formation of Pt agglomerates. After 1 hour, a solution
containing 12.5 mmol of NaBH. in ethylene glycol was added to reduce the Pt. The
mixture was then refluxed at 130°C for 3 hours to ensure complete reduction. All steps
were conducted under a nitrogen atmosphere and maintained at 50°C under flowing N2
overnight. The graphene powder was then recovered by centrifugation, washed with
ethanol and dried at 70°C for 8h.

In addition to evaluating rGO as a support, expanded Kish graphite was also investigated

as a catalyst. The goal was to explore the potential catalytic activity of iron-based
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impurities present in the Kish. To increase its surface area, the expansion process

described in Section 2.2.3 was carried out.

To evaluate the performance of these materials as catalysts for the oxygen reduction
reaction (ORR), 6 mg of catalyst (Pt20%/rGO or Expanded Kish) was mixed with 200 uL
of IPA, 800 uL of water, and 20 puL of Nafion. The ink was sonicated for 15 minutes in an
ultrasonic bath. A 20 uL aliquot was then drop-cast onto a glassy carbon electrode (0.196
cm?) in a rotating disk setup, resulting in a catalyst loading of 120 ugPt/cm? for the
Pt20%/rGO. A similar ink was prepared using commercial Pt40%/Vulcan from
Sigma-Aldrich. After deposition, the films were air dried. The visual appearance of the
layers revealed inhomogeneous deposition (see Table 3-2), illustrating a key source of

sample-to-sample variability characteristic of first-order replication.

To improve uniformity, different deposition and drying conditions were tested for both

Pt20%/rGO and Pt40%/Vulcan samples. The results are summarized in Table 3-2.

Table 3-2. Deposition and drying conditions for different catalyst inks on top of working electrode prior to
ORR activity evaluation.

Pt20%/RGO-1 | Pt40%/Vulcan-1 | Pt20%/RGO-2 | Pt40%/Vulcan-2

Concentration

5.88 0.59 2.94 2.94
(mg/mL)
WateriPANafion | 7g:19:2 78:19:2 78:19:2 78:19:2
Dropping 20 pl 20 pl 5 ul x 4 times 5 ul x 4 times
Drying Air Air Infrared lamp Ar flux

Visual aspect ’

Prior to the electrochemical testing, the working electrode was cleaned by cycling the
potential between 0 to 1.1 V vs. RHE at 50 mV/s for 20 cycles in Nz-saturated 0.1 M

HCIO, electrolyte. The capacitive current was then measured at 10 mV/s. ORR

>

polarisation curves were collected at 10 mV/s and 1600 rpm between 0.0 and 1.2 V vs.
RHE in O.-saturated 0.1 M HCIO4. The cathodic sweep from the CV was used for
analysis, and the faradic current density was obtained by subtracting the capacitive
current from the total measured current. Two samples of Pt20%/rGO and two of
Pt40%/Vulcan were measured, while only one sample was tested using the expanded
Kish ink. Inspired by the work of Tesch et al. [358], four key performance indicators (KPIs)

were extracted from the curves to facilitate comparison:
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e E,=E( =-0.1mA-cm?2) [Onset potential]

e E=E(j=-1mA-cm™?)

e E;=E(j=-3mA-cm™?)

e E-=E(j=-5mA-cm™?) Equation 3-1

The following metric was calculated as a measure of uncertainty for the first-order
replicate pairs (Pt20%/rGO-1, Pt20%/rGO-2) and (Pt40%/Vulcan-1, Pt40%/Vulcan-2):

Standard Deviation
Mean

Coef.Variation (%) = ( ) - 100 Equation 3-2

Results are presented in Figure 3-5 and Table 3-3.

Table 3-3. Electrochemical parameters from polarisation curves for Expanded Kish Graphite, Pt20%/rGO
and Pt40%/Vulcan samples.

Sample Eq(V) | By (V) | E3(V) | Es (V)
Expanded Kish Graphite - - - -
Pt20%/rGO-1 0.9998 | 0.8088 | 0.6107 -
Pt20%/rGO-2 0.9377 | 0.8197 | 0.7187 | 0.5636

Coef.Variation”®° (%) 5 1 11 -
Pt40%/Vulcan-1 0.8597 | 0.7587 | 0.6367 | 0.1494
Pt40%/Vulcan-2 0.9778 | 0.8117 | 0.6757 | 0.5457
Coef.Variation"“a" (%) 10 5 4 81

0

Es

== Expanded Kish Graphite
Pt40% Vulcan-1

m— Pr40% Vulcan-2

— PE20% rG0-1

= Pt20% rG0-2

0.0 0.2 0.4 06 0.8 1.0
Potential (V vs RHE)

Faradic Current Density (mA/cm?)

Figure 3-5. Polarisation curves for RGO20%Pt (red and purple lines), Vulcan40%Pt (orange and green
lines) and Expanded Kish (blue line).

Figure 3-5 presents the ORR polarisation curves obtained for Pt supported on rGO, Pt
supported on Vulcan, and expanded Kish graphite. The current density is plotted as a
function of potential, enabling comparison of the onset of oxygen reduction and the

current response at increasing overpotential.
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This figure highlights the strong influence of both catalyst composition and film
morphology on the ORR response. The similar onset potentials observed for the
Pt-based catalysts suggest comparable intrinsic reaction kinetics at low current density.
However, the curves diverge markedly at higher current densities, indicating increasing
mass-transport limitations that depend strongly on film thickness, porosity and catalyst
accessibility. As expected, expanded Kish graphite shows negligible ORR activity under

acidic conditions.

Overall, the figure highlights that the preparation and drying of the catalyst ink play a

decisive role in determining transport behaviour and measured performance.

Pt20%/rGO samples exhibited onset potentials of 0.9998 V and 0.9377 V, with a low
Coefficient of Variation (CoV) of 5%, indicating consistent catalytic initiation behaviour.
E; values also showed minimal variation (CoV = 1%), suggesting reproducible kinetics
at low overpotentials. However, greater deviation at higher current densities (E;-CoV =
11%) likely reflects differences in film thickness and uniformity due to drying conditions.
Films left to dry in ambient air undergo slow solvent evaporation, whereas infrared-lamp
drying may produce faster, heat-assisted evaporation. Such differences could plausibly
lead to variations in surface morphology or binder distribution, which in turn might

influence the electrochemical response.

In contrast, Pt40%/Vulcan samples showed more variability. While onset potentials
(0.8597 V and 0.9778 V) approached the value reported for Pt46%/Vulcan (E,=1.00 V
[365]), the E5 potentials (0.1494 V and 0.5457 V) were much lower than the literature
value (=0.8752 V), with an extremely high CoV of 81%. This suggests substantial mass
transport or catalyst accessibility limitations, likely caused by inconsistent film

morphology from differing drying methods (air vs. Ar flux).

These results highlight the critical role of ink formulation and drying strategy in achieving
reproducible and high-performance ORR catalyst films, particularly at higher current

densities where transport effects dominate.

The expanded Kish sample showed no measurable catalytic activity under the tested
conditions, though it is possible that it could have some activity in alkaline conditions,
where many Fe-based catalysts show much improved performance compared to acid

electrolytes [366].

To evaluate the impact of catalyst loading and ink concentration on ORR performance,
Pt40%/Vulcan samples were tested at a reduced loading of 30 ugPt-cm, in contrast to

the 120 pygPt:cm™ used in previous tests (Figure 3-5). Despite the lower loading,
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polarisation curves in Figure 3-6 revealed that the limiting current density remained
largely unaffected across most samples, indicating sufficient catalytic activity. However,
the sample prepared with an ink concentration of 1.47 mg/mL and two drops exhibited
much poorer performance, with a low onset potential (E, = 0.7546 V) and markedly
depressed potentials at -1 mA-cm? (E; = 0.5117 V) and -3 mA-cm? (E; = 0.1704 V),

likely due to non-uniform film formation or excessive thickness in localized regions.

Although the literature generally recommends Pt loadings in the range of 7-30 ug Pt-cm-?,
the tests presented in Figure 3-5 used a higher loading of 120 ugPt-cm™. Such high
loading can produce a thick catalyst film, increasing mass-transport resistance. Thus,
additional tests were performed on Pt40%/Vulcan at 30 ugPt-cm™, using different ink

concentrations.

Figure 3-6 compares ORR polarisation curves for Pt/Vulcan electrodes prepared using
different ink concentrations and deposition volumes at a lower Pt loading. The objective
is to separate the effect of film morphology from that of metal mass. As shown in this
figure, the lower loading had little effect on the limiting current density, except for the
sample prepared with an ink concentration of 1.47 mg/mL and two drops, which exhibited

reduced performance. Table 3-4 summarises the KPIs obtained.

0| = 1.47 mg/mL, 2 drops
0.73 mg/mL, 4 drops
= 2.94 mg/mL, 1 drop

Faradic Current Density (mA/cm?)

0.0 02 04 06 08 10
Potential (V vs RHE)

Figure 3-6. Left: photographs of catalyst films deposited on glassy carbon electrode under different
preparation conditions. Right: Polarisation curves of Pt40%/Vulcan corresponding to a catalyst loading of
30 mg Pt-cm2 at different deposition conditions.

Table 3-4. Electrochemical parameters from polarisation curves for Pt40%/Vulcan replicates for different
ink concentrations. *This Coef. Variation was only calculated for the pair (0.73 mg/mL, 4 drops) and (2.94
mg/mL, 1 drop).

Sample Eq(V) | Ex (V) | E5(V) | Es (V)
1.47 mg/mL, 2 drops 0.7546 | 0.5117 | 0.1704 -
0.73 mg/mL, 4 drops 0.8416 | 0.6687 | 0.4447 | 0.1674
2.94 mg/mL, 1 drop 0.8386 | 0.6807 | 0.4417 | 0.0074
Coef.Variation (%) 6 15 45 -
Coef.Variation (%)* - - - 129
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CoV analysis further highlights the disparity among samples. E, and E; showed
moderate reproducibility (COV = 6% and 15%, respectively), while E; exhibited a high
variation of 45%, emphasizing the sensitivity of higher current densities to film
morphology. Notably, E5 was only reached in two samples, with a remarkably high CoV
of 129%, underscoring instability or mass-transport limitations at these current levels.
These findings reinforce that, while reduced Pt loading can maintain ORR performance,
careful optimisation of ink concentration and deposition volume is critical to ensure film

uniformity and mitigate transport-related losses.

As discussed earlier, electrochemical parameters derived from RDE testing are highly
sensitive to experimental conditions, including catalyst film morphology, loading,
electrode coverage, electrolyte viscosity, and oxygen diffusion rate. Moreover, the skill
of the experimentalist in preparing, depositing, and handling the samples introduces
significant variability, emphasizing the practical relevance of the replication framework.
To illustrate this effect, different deposition conditions were tested using Pt40%/Vulcan.
The results, shown in Figure A1 (Appendix), highlight how even nominally identical

materials can exhibit notable performance differences due to variations in preparation.

Finally, to explore the practical implications of Nth-order replication, ORR measurements
were compared by conducting additional tests on identical Pt40%/Vulcan catalyst films
in a second laboratory. The polarisation curves previously presented in Figure 3-5 were

plotted alongside two new curves obtained from this independent setup.

Setup 2 differed from the original (Setup 1) in several key aspects. The ink formulation
used a lower Nafion content (75% water, 25% isopropanol, and 0.02% Nafion), and film
deposition was standardized to four 10 uL drops from a 1 mg/mL ink suspension. Each
drop was left to dry in air. Electrode conditioning was also more extensive, involving
potential cycling under N2 bubbling for 80 cycles at 70 mV/s, compared to 20 cycles at
50 mV/s in Setup 1. Moreover, a different potentiostat was employed (Gamry instead of
BioLogic), introducing potential instrumental variability. Notably, rather than extracting
the cathodic sweep from cyclic voltammetry, the ORR curve in Setup 2 was obtained
using linear sweep voltammetry (LSV), offering a direct measurement of the reduction

process. Figure 3-7 below shows photographs of the two instrumental setups used.
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Figure 3-7. Experimental setups: Setup 1 (left) and Setup 2 (right).

Given these procedural and instrumental differences, the results from Setup 1 and Setup
2 cannot be interpreted as directly comparable in terms of absolute ORR performance.
Instead, the two configurations represent distinct experimental conditions that introduce
different sources of systematic variability. Within the framework of Coleman and Steele,
Setup 2 does not constitute a zeroth-order or first-order replicate of Setup 1, but rather

an Nth-order replicate, where multiple experimental parameters vary simultaneously.

The purpose of including Setup 2 in this chapter is therefore not to benchmark catalytic
activity across laboratories, but to evaluate how performance dispersion evolves when
higher-order variability is introduced. In this sense, the comparison between setups acts
as a deliberate probe of uncertainty propagation, highlighting how changes in ink
formulation, deposition, conditioning, and instrumentation manifest in the polarisation
curves.The two Setup 1 curves shown previously in Figure 3-5 were obtained from films
prepared with intentionally different ink concentrations (5.88 mg/mL and 0.59 mg/mL) to
introduce controlled sample-to-sample variability. Under Setup 2, by contrast, both films
were prepared using the same ink formulation and deposition protocol and therefore
constitute replicates under tightly controlled conditions. It is important to emphasize that
the Setup 1 and Setup 2 measurements are not replicates of one another; rather, they
reflect Nth-order variability arising from the combined differences in ink formulation,
deposition procedure, conditioning protocol, and instrumentation. The four resulting
polarisation curves (two from Setup 1 and two from Setup 2) are presented together in
Figure 3-8, with the corresponding quantitative metrics summarised in Figure 3-8
demonstrates that changing the experimental setup leads to measurable shifts in onset
potential and current density. These shifts do not necessarily reflect intrinsic catalyst
behaviour, but rather differences in ink formulation, film deposition, conditioning and
instrumentation. The figure therefore provides practical evidence that ORR performance
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metrics must be interpreted within an uncertainty framework, particularly when

comparing results across laboratories.
Table 3-5.

Figure 3-8 demonstrates that changing the experimental setup leads to measurable
shifts in onset potential and current density. These shifts do not necessarily reflect
intrinsic catalyst behaviour, but rather differences in ink formulation, film deposition,
conditioning and instrumentation. The figure therefore provides practical evidence that
ORR performance metrics must be interpreted within an uncertainty framework,

particularly when comparing results across laboratories.

Table 3-5. Summary of KPIs extracted from ORR polarisation curves of Pt40%/Vulcan catalyst films
measured under two experimental setups.

Sample Setup | Eq (V) | Ey (V) | E3 (V) | E5 (V)
Pt40%/Vulcan 1 1 0.8597 | 0.7587 | 0.6367 | 0.1494
Pt40%/Vulcan 2 1 0.9778 | 0.8117 | 0.6757 | 0.5457

Pt40%/Vulcan 3-1 2 0.7872 | 0.7012 | 0.6552 | 0.6032
Pt40%/Vulcan 3-2 2 0.7592 | 0.6932 | 0.6472 | 0.5872
Coef.Variation (%) 12 7 3 46
(04 = Setup-1, Pt40%/Vulcan 1

Setup-1, Pt40%/Vulcan 2
—1 { = Setup-2, Pt40%/Vulcan 3-1
= Setup-2, Pt40%/Vulcan 3-2

Faradic Current Density (mA/cm?)

0.0 02 0.4 06 08 1.0
Potential (V vs RHE)

Figure 3-8. ORR polarisation curves for Pt40%/Vulcan catalyst films measured under two experimental
setups.

The onset potentials (E,) ranged from 0.759 V t0 0.9778 V, with a CoV of 12%, reflecting
moderate variability in kinetic onset across conditions. As the current density increased,
the results became more consistent. At -1 and -3 mA-cm, the CoVs decreased to 7%
and 3%, respectively, indicating a convergence of behaviour in the kinetic-to-diffusion
transition region. This suggests that the intrinsic catalytic activity of the Pt40%/Vulcan
material remains comparable under both setups despite procedural differences.

At -5 mA-cm?, however, variability increased substantially (CoV = 46%). This large
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spread likely stems from a combination of mass-transport limitations and differences in
film thickness but may also reflect variations in instrumental setup (e.g., potentiostat
type), chemical materials (e.g., electrolyte purity, IPA and Nafion concentration), and
electrochemical technique (cyclic voltammetry vs. linear sweep voltammetry) between
the two laboratories. A detailed analysis of the individual sources of variability is beyond

the scope of the present work.

These findings reinforce the importance of structured replication in electrochemical
metrology. The observed variability across samples and tests aligns with the first- and
Nth-order replication levels, providing a concrete demonstration of how procedural
differences and operator-dependent factors influence experimental outcomes. Careful
consideration of these uncertainties is essential to ensure robust and reproducible

assessments of electrocatalyst performance.

This concludes the ORR studies using the RDE technique. Due to the high variability
observed in this approach and the limited ORR activity of Kish graphite, the work that
follows focuses on reduced graphene oxide capacitance evaluation, which offers
improved reproducibility for subsequent analyses, as will be shown in the following

section.

3.2.2 Galvanostatic Charge-Discharge Tests

As described in the literature review, the reduction of graphene is a key step in producing
an effective supercapacitor electrode for several reasons. On the one hand, the removal
of oxygen-containing groups within the crystalline domains of graphene can result in the
formation of holes in the graphene flakes. This structural modification ultimately affects
the porosity of the electrode and its specific surface area. On the other hand, the degree
of reduction determines the carbon-to-oxygen ratio, which in turn influences the electrical

conductivity, pseudocapacitance and double-layer capacitance of the material.

Commercial graphene oxide from Sixth Element was used as the raw material. The
chosen reduction method, chemical reduction with ascorbic acid, offers a scalable,
non-toxic, and environmentally friendly route suitable for producing graphene-based
supercapacitors. To investigate measurement uncertainty and reproducibility, rGO
electrodes were synthesized under three distinct thermal conditions: 65 °C for 3 hours,
80°C for 30 minutes and 95 °C for 30 minutes. In addition, to introduce a controlled
source of experimental noise representative of typical laboratory variability, two common
stirring methods were compared: magnetic stirring and mechanical paddle stirring at 350
rpm. In line with prior descriptions of experimental uncertainty, this can be classified as

a sample-to-sample variation corresponding to first-order replication.
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GCD measurements were used to assess the reproducibility of specific capacitance
under these conditions at three current densities: 1 A/g, 2 A/g and 10 A/g. Four key KPls
were extracted from the discharge profiles, corresponding to the times at which the
voltage reached 0 V, -0.4 V, -0.8 V, and -1.2 V vs. a silver reference electrode:
to=t(E=0V)

tosa =t(E=-04V7)

t0.8 = t(E = _0.8 V)
ti, =t(E=-12V) Equation 3-3

For clarity, the variables used in the uncertainty analysis can be expressed in terms of
input factors x and measured responses y. For each GCD experiment, the set of input
variables is defined as:
X = [Tyeq, treq, Stirring method, j] Equation 3-4

where

- Tyeq: reduction temperature € {65 °C, 80 °C,95 °C}

- treq: reduction time € {3 h,0.5 h}

- Stirring method € {magnetic bar, paddle at 350 rpm}

j: applied current density € {1,2,10 Ag~1}

The measured outputs constitute the response vector:

y = [to, to.s tos t12,C, CoV] Equation 3-5
where t,, to4, tog and t; , are the characteristic discharge times defined in Equation 3-3;
C is the specific capacitance obtained from the discharge slope; and CoV is the

coefficient of variation used to quantify reproducibility (Equation 3-2).

It is worth noting that this explicit x and y formulation was not applied in the earlier RDE
section, as that study focused primarily on qualitative uncertainty sources rather than on
structured input-output modelling. Here, however, such notation is introduced because
the GCD results form the experimental dataset used in the ML optimisation presented in

the next chapter.

Each reduced graphene oxide sample was mixed with PTFE and conductive carbon
black C65™ (Timcal) in a weight ratio of 80:10:10 to form the positive electrode in a
three-electrode configuration. As counter-electrode, activated carbon Norit™ (Cabot
Corporation) was used, also in an 80:10:10 composition with PTFE and C65™, with a
10:3 mass ratio relative to the rGO material. A 1M KOH aqueous solution served as the

electrolyte, and a silver bar was used as reference electrode. All measurements were
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conducted in a Swagelok-type electrochemical cell. Figure 3-9 shows the Swagelok-type
three-electrode cell used for galvanostatic charge-discharge measurements of the rGO
electrodes. The working, counter and reference electrodes are assembled inside the cell

together with the alkaline electrolyte.

Figure 3-9. Swagelok cell used to extract galvanostatic charge-discharge (GCD) curves with a three-
electrode setup.

Figure 3-10 presents the GCD curves comparing magnetic stirring and paddle stirring
under various conditions. Each row corresponds to a different reduction condition: 65 °C
for 3h (top row), 80 °C for 0.5 h (middle row), and 95 °C for 0.5 h (bottom row). Each
column represents a different current density: 1 A/g (left), 2 A/g (middle), and 10 A/g
(right). Within each plot, two GCD curves are shown: one corresponds to the use of a
magnetic stir bar during the reduction step, while the other corresponds to the use of a
stir paddle rotating at 350 rpm. White circles mark the time points corresponding to
specific potentials as defined in Equation 3-3. As in the case of the RDE experiments,
the coefficient of variation (Equation 3-2) was calculated to quantify the uncertainty

associated with these tests.

Results for 2 A/g are presented in Table 3-6, while those for 1 A/g and 10 A/g are included
in Table A1 in Appendix A. Across all conditions, the 2 A/g tests showed the lowest
variation, with CoV values ranging from 0.5% to 7%. However, the effect of current
density on reproducibility was not uniform across reduction conditions. At 65 °C for 3 h,
1 A/g exhibited the highest CoVs (up to 14%, see Table A1 in Appendix A), suggesting
greater sensitivity to the stirring method under slower reduction kinetics associated with
lower-temperature, longer-duration treatment. In contrast, under the 80°C for 0.5h
condition, the CoVs for 2 A/g (up to 7%) were higher than those for 1 A/g. At 95 °C for
0.5h, 10 A/g showed the greatest variability, with CoVs reaching up to 9%. These results
indicate that no single current density consistently exhibited the highest or lowest
variability, and that reproducibility is influenced by a combination of current density,

reduction conditions (temperature and time), and stirring dynamics.
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In contrast, RDE measurements conducted under controlled sources of variability

exhibited substantially higher and more erratic CoV values, ranging from 1% to as high

as 129%. This high dispersion, particularly at voltages associated with higher current

densities, suggests that data-driven optimisation using RDE may require substantially

more experimental repetitions to achieve reliable results.

GCD Curves for rGO, reduced at 65°C for 3h
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Figure 3-10. GCD curves under different reducing conditions and mechanical stirring method, measured
at current densities of 1 A/g (left), 2 A/g (centre), and 10 A/g (right).

Table 3-6. Discharge times (in seconds) at different applied voltages (0, —0.4, -0.8, —1.2 V) for rGO-based
electrodes tested at 2 A/g, fabricated under three reduction conditions (65 °C, 3 h; 80 °C, 0.5 h; 95 °C,
0.5 h) using two stirring methods (magnetic and paddle). The coefficient of variation (CV, %) between

124



stirring methods is shown for each condition, illustrating the reproducibility of electrode performance
across processing variables.

Reduction conditions | Stirring to () | toa (5) | tog (s) | ti2(S)
65°C, 3h Magnet 71.63 79.36 97.84 131.71
65°C, 3h Paddle 71.13 81.34 102.7 136.87
Coef.Variation (%) <1 2 3 3
80°C, 0.5h Magnet 71.18 80.99 101.33 | 137.93
80°C, 0.5h Paddle 65.09 73.54 91.67 125.46
Coef.Variation (%) 6 7 7 7
95°C, 0.5h Magnet 73.13 82.81 104.51 141.3
95°C, 0.5h Paddle 75.94 86.25 108.57 | 145.14
Coef.Variation (%) 3 3 3 2

Thus, given the overall low variation and reproducibility of GCD tests, particularly at
2 A/g, this technique was selected for use in Gaussian Process modelling and Bayesian

Optimisation experiments, which are described in the following chapter.

Finally, specific capacitance values were calculated from the GCD curves using Equation
3-6,

At

C=1
AV -m

Equation 3-6

where At is the discharge time extracted from the GCD curves and AV = 1.2V — IR Drop.
The IR drop has been systematically extracted for each curve using a custom
computational routine implemented in Python [367]. Figure 3-11 and Table 3-7

summarises the obtained results.

rGO reduced at 659C for 3h rGO reduced at 802C for 0.5h rGO reduced at 95°C for 0.5h
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Figure 3-11. Specific capacitance values calculated using Equation 3-6 for all tested conditions.
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Table 3-7. Summary of specific capacitance values calculated and CoVs for each condition.

Reduction conditions | Stirring | € (F/g) @1Alg | C(F/g) @2Alg | C (F/g) @ 10A/g

65°C, 3h Magnet 113.35 50.51 8.44

65°C, 3h Paddle 125.25 55.26 8.19
Coef.Variation (%) 7 6 2

80°C, 0.5h Magnet 132.33 56.10 7.84

80°C, 0.5h Paddle 121.35 50.83 7.54
Coef.Variation (%) 6 7 3

95°C, 0.5h Magnet 131.40 57.32 7.53

95°C, 0.5h Paddle 133.09 58.22 8.39
Coef.Variation (%) 1 1 8

The values of specific capacitance followed the expected trend of decreasing with
increasing current density across all conditions. At 1 A/g, capacitance values were the
highest, with values typically exceeding 120 F/g, whereas at 10 A/g, the capacitance
dropped sharply, often falling below 10 F/g. This trend is characteristic of porous
carbon-based materials, where limited ion access at high discharge rates reduces the

effective use of surface area.

The analysis of the stirring method as a source of variability revealed relatively modest
differences in capacitance between magnetically stirred and paddle-stirred samples. For
example, under the 80 °C, 0.5 h condition, capacitance at 1 A/g was 132.33 F/g for the
magnet-stirred sample and 121.35 F/g for the paddle-stirred one, yielding a CoV of 6%.
At 95 °C, the values were 131.40 F/g and 133.09 F/g, respectively, with a remarkably low
CoV of 1%, indicating high reproducibility. For the 65 °C condition, the capacitance
values at 1A/g were slightly lower overall but followed a similar pattern, with the
paddle-stirred sample yielding a higher value (125.25 F/g) than the magnetically stirred
one (113.35 F/g), corresponding to a CoV of 7%.

These differences, while present, remained within a relatively narrow range and did not
suggest any systematic or disruptive effect of the stirring method on the resulting
electrochemical properties. The highest value observed (133.09 F/qg) is superior to that
of a typical commercial activated carbon reference (86 F/g at 0.5 A/g [244]), although it
remains well below the best-performing materials reported within the family of graphene-
based electrodes (up to 429.7 F/g [215]).

At intermediate (2 A/g) and high (10 A/g) current densities, the variations between the
two stirring approaches were similarly minor. Capacitance values at 2 A/g ranged from
~50 to 58 F/g with CoVs between 1% and 7%, while values at 10A/g remained
consistently low (7.5-8.5 F/g), with CoVs between 2% and 8%. In all cases, the overall

pattern of lower capacitance with increasing current density was preserved, and no
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evidence was observed that either stirring method introduced relevant anomalies in

performance.

Qualitative inspection of the GCD curves indicated that the majority of the measurements
exhibited highly symmetric charge—discharge profiles, consistent with efficient and
reversible capacitive behaviour across the dataset. Curves at 1 A/g showed the least
symmetry, likely due to the pseudocapacitive contribution of rGO at lower current
densities, which tends to introduce kinetic asymmetries and reduce Coulombic
efficiency. No consistent difference in profile shape or charge retention behaviour was
observed between stirring methods, further supporting the notion that the induced noise

does not introduce strong electrochemical artefacts.

Importantly, while some variation in capacitance values is present across different
reduction conditions, this study does not attempt to isolate or explain the effects of
temperature and time on rGO performance. The dataset remains too limited to
confidently attribute these effects to the reduction conditions, as they may also reflect
random experimental variation. As such, differences between samples reduced at 65°C,
80°C, or 95°C are interpreted here only within the narrow context of replication noise and
not as evidence of fundamental trends. A more detailed investigation of reduction
conditions and their influence on structure and electrochemical behaviour,

interlaboratory studies, will be undertaken in the next chapter of this thesis.

3.3 Conclusions and Future Work

Electrochemical characterisation is essential for assessing materials in energy
conversion and storage, but meaningful interpretation requires a clear understanding of
both measurement and experimental uncertainty. These uncertainties arise not only from
instrumentation limits but also from factors such as sample preparation, environmental
conditions, and testing protocols. In this chapter, these challenges are explored through
two experimental directions: (1) oxygen reduction reaction (ORR) studies of raw Kish
and Kish-derived graphene, and (2) capacitance evaluation of reduced graphene oxide.
Both efforts aim to assess performance metrics while examining the impact of
reproducibility and variability, informed by literature on catalyst benchmarking and

data-driven material optimisation.

Inspired by the works of Moffat and Coleman & Steele on uncertainty analysis, a series
of RDE and GCD tests were conducted in which controlled sources of variability were
intentionally introduced. The goal was to evaluate the sensitivity of these electrochemical
techniques to different forms of uncertainty and to assess the reproducibility of

performance data under realistic conditions. To achieve this, the coefficient of variation
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was employed as a metric to quantify uncertainty across timewise, sample-to-sample

experiments, including first-order and N-order replicates.

RDE measurements revealed substantial variability across samples, with CoV values
ranging from as low as 1% to as high as 129%. This high dispersion, especially at higher
current densities, underscores the sensitivity of ORR performance to subtle differences
in film morphology, catalyst loading, ink composition, and deposition conditions. Even
under controlled procedures, reproducibility remained limited, particularly in the
mass-transport region. These findings suggest that data-driven optimisation using RDE
methods is subject to considerable uncertainty and may require extensive replication to

produce reliable and comparable results across different setups and laboratories.

GCD measurements appear to offer a robust and reproducible approach for evaluating
the capacitive behaviour of rGO materials under controlled variability. The impact of the
chosen noise source, namely the stirring method, was observable but modest, with CoV
values generally ranging from 1% to 7%, and reaching a maximum of 14% under specific
conditions. This suggests that GCD can reliably tolerate typical sample-to-sample
variability without introducing large or unpredictable shifts in output. This contrasts with
previous findings using RDE methods, where small changes in ink deposition or drying
conditions led to much larger deviations in the polarisation curves. Given the overall low
variation observed in GCD, this technique was selected for the optimisation experiments

presented in the next chapter.

While the next chapter will examine the influence of reduction temperature and time on
the structural and electrochemical properties of rGO using GCD, the RDE technique will
not be further considered in this thesis. Nevertheless, the high variability observed in
RDE results underscores two key directions for future research: quantitative film
characterisation, using techniques such as SEM, AFM, or profilometry, to correlate
morphology with performance, and the standardisation of deposition protocols.
Implementing automated or robotic dispensing could help reduce operator-induced
variability and enhance the reproducibility of RDE measurements across different

laboratories.
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4 Bayesian Optimisation of Reduced Graphene Oxide
Capacitance using Grey-Box Gaussian Processes

Summary

In this chapter, a Gaussian Process (GP) is used as a surrogate model to apply Bayesian
Optimisation (BO) for identifying the temperature and time reduction conditions that
maximise capacitance of reduced graphene oxide (rGO). An experimentally determined
White Noise was incorporated into the GP as a fixed measurement-noise term,
approximating it to a grey-box problem. This noise was quantified from controlled
experiments targeting two dominant sources of variability, namely heating instability
during reduction and electrode-mass differences. Although these sources do not
represent the full range of experimental variability, they capture the main contributors to
the broader uncertainty introduced across the experimental chain, including the
reduction, electrode preparation and electrochemical characterisation steps. The GP
obtained after an initial set of tests is evaluated using Leave-One-Out Cross-Validation,
demonstrating the ability to predict each experimental capacitance within a 95%
confidence interval. Furthermore, the pseudocapacitance behaviour of the rGO
electrodes is evaluated using Nyquist plots and cyclic voltammetry. Finally, a second set
of tests is incorporated into an updated version of the GP, which is adapted to account
for the fact that the new data points correspond to measurements performed under
different setup conditions. Thanks to the inclusion of an additional term in the exponential
component of the kernel, the accuracy of the GP remains comparable to that obtained

with the initial set of tests.

The innovativeness of this work stems from three key factors. First, the relationship
between the time and temperature of the chemical reduction and the capacitance of
reduced graphene oxide, using a non-toxic, environmentally friendly reducing agent such
as ascorbic acid, has not yet been investigated. Second, this is the first time in which a
GP has been modulated by experimentally determined noise in the context of
graphene-based supercapacitors. Finally, physics-informed bounds are imposed on the
length-scales associated with synthesis conditions and measurement set-ups during
model fitting, ensuring alignment with the constraints imposed by scaling up the reduction

process and the generalisability of the results.

4.1 Introduction
The process of reducing graphene oxide is well known and different routes have been

deeply studied since the early days of graphene research [322,368-371]. These include
129



thermal treatments [372-375], microwave radiation [318,376,377] or even the use of
microorganisms [378,379]. One of the most cited and easier to scale is the chemical
route [380—-383]. Numerous chemicals have been described as effective reducing agents
for graphene oxide, including nitrogen-containing reducing agents such as hydrazine,
borohydrides such as NaBH4 or oxygen-based reductants such as methanol or ascorbic
acid. Although the efficiency of many of these chemicals for reducing graphene oxide
has been evaluated extensively, the influence of the reaction conditions such as

temperature and time with respect to the reagent used is less known.

Cheng and Yan [384] studied the reduction of graphene oxide using
N,N-dimethylacetamide (DMAc) dispersed in water at atmospheric pressure. They
evaluated the FT-IR spectra of the produced rGO after four different combinations of
temperature and time of reduction; the best reduction was produced when the reaction
was carried out at 150°C for 5 hours. The study was limited to four conditions defined by
three temperatures (100°C, 120°C and 150°C) and only two different reaction times (1h
and 5h). On the other hand, the evaluation of the reduction efficiency was supported by
the IR spectra peaks, so neither percentage of carbon and oxygen in the samples, nor
other features such as specific surface area were reported. In addition, the reagent
employed is toxic and considered a restricted substance in the European market [385],

which limits the scalability of the results.

Wan et al. explored the influence of reducing agent, reaction time and temperature of
rGO-based aerogels for oil sorption [386]. Although for the influence of the reducing
agent, the final chemical composition of the rGO was evaluated with elemental analysis,
FT-IR spectroscopy, X-ray diffraction and Raman spectroscopy, the part of the study
focused on evaluating the influence of reaction time and temperature was limited to SEM

micrographs and to oil sorption capacity assessment.

Guex et al. studied how different reduction times and temperatures affected the electrical
conductivity of reduced graphene oxide, using sodium borohydride [319]. The work was
extensive, covering up to nine reducing times from 2 min to 24 h, coupled with four
reduction temperatures: 20°C, 40°C, 60°C and 80°C. The influence of the drying step
was also addressed by comparing vacuum filtration, evaporation and freeze drying. This
showed that the quality of the film formation is key to obtain good electrical conductivity,
and best conductive films were obtained with vacuum filtration. Even though the
temperature and time windows chosen were compatible with a scalable process, the
reagent, sodium borohydride, is a toxic and flammable solvent, which presents a

limitation when planning to reproduce these results at larger scales.
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When comparing their results with other works, using the same reducing agent and
similar reduction temperatures and times, the authors highlighted a discrepancy between
the carbon / oxygen ratios and the conductivity of the films, which did not correlate
positively, as one may expect. They speculated that this might come from the sensitivity
of the conductivity to the preparation of the films and the measuring techniques, together

with the potential for unaccounted contamination or humidity.

Comparable results are essential to consistently explain how synthesis conditions
influence the properties of the final materials. This is particularly important for
nanomaterials, where target properties are highly sensitive to unquantified noise
sources. As described in Chapter 3, such sources include structural and morphological
variations caused by human manipulation of samples, environmental effects affecting
the material’s chemistry, and inconsistencies in measurement techniques and data
analysis across laboratories. These challenges are part of the broader reproducibility
crisis in science, where difficulties in replicating experimental findings hinder progress

and innovation across multiple disciplines [387-389].

Evaluating electrochemical properties, such as capacitance, is especially vulnerable to
inconsistencies arising from variations in measurement protocols and procedures
[332,363,390—-395]. Moreover, the synthesis conditions at larger scales are typically
more constrained than those at laboratory scales for several reasons. These include the
need to guarantee operational safety, costs limitations associated with the capital
expenditure required for scaling up, and even the lack of knowledge in chemical
engineering for some of the innovative synthesis procedures developed in the laboratory
[396]. All the above challenges pose a major obstacle to scaling up high-value materials,

which are critical for the transition to a zero-emissions economy.

In this regard, the increasing adoption of Machine Learning (ML) techniques to guide
materials research can be explained by how such techniques support the treatment of
experimental noisy data and physics-constrained processes [397—401]. In particular,
kernel-based methods such as Gaussian Processes, offer a practical method to project
to and from high-dimensional space. Unlike other kernel methods like Support Vector
Machines, which do not provide uncertainty quantification, Gaussian Processes do, as
they are inherently probabilistic models. This enables the use of Bayesian Optimisation
to assist experimentalists in the Design of the Experiments, handle noisy data (aleatoric
uncertainty), quantify what remains unknown (epistemic uncertainty) and manage

experimental or simulated stochastic processes [402—406].
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As detailed in Section 2.3.2, the hyperparameters of a GP can be optimised to fit the
available data as closely as possible, using techniques such as cross-validation or MLE.
On the other hand, the Squared Exponential Kernel (Equation 2-9) provides high
flexibility with a simple form defined by just two hyperparameters. However, this
approach is entirely data-driven and treats the relationship between input variables and

the function as a black-box, where no prior domain knowledge is incorporated.

In the present work, prior knowledge is introduced through the experimentally determined
uncertainty associated with capacitance measurements. For this reason, the noise
variance was not treated as a hyperparameter during optimisation but fixed to the
experimentally obtained value and added to the diagonal of the covariance matrix. By
constraining this component of the GP using experimentally measured information rather
than inferring it solely from the data, the resulting model can be regarded as a grey-box
GP. Based on this model, Bayesian Optimisation (BO) is subsequently applied to identify
the optimal synthesis parameters for maximising capacitance. The surrogate model is
later updated to incorporate the uncertainty arising from Nth-order replication, as formally
defined in Section 3.1, and later applied to the experimental context of the present study

in Section 0.

In this work, replication captures multiple sources of experimental uncertainty typical of
graphene-based electrode fabrication and characterisation, such as variations in
temperature control during reduction, electrode mass, and measurement-related noise.
While the magnitude of these uncertainties may be non-negligible, particularly when data
originate from different experimental set-ups or laboratories, variability on the order of
10-20% between nominally identical replicates is considered acceptable in this work,
based on prior experimental experience with similar materials and characterisation
protocols. Rather than invalidating the use of GP models, such variability is explicitly
incorporated as an observation-noise term, allowing the GP to propagate uncertainty into
both predictions and acquisition decisions. This probabilistic treatment enables BO to
remain robust to moderate experimental noise, favouring parameter regions that are not

only high-performing but also reliable under realistic experimental conditions.

The results are structured into three sections. In the first section, the uncertainties
associated with synthesis parameters, specifically temperature and mass fluctuations,
are quantified and incorporated into a constrained modelling framework based on

physical considerations, ensuring process scalability.

The second section introduces a GP model built from an initial set of experiments. The

model is evaluated through Leave-One-Out Cross-Validation (LOOCV) and refined via
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BO over successive iterations, enhancing the predictive mapping between synthesis
conditions and electrode capacitance. The section concludes with an electrochemical
characterisation of the rGO electrodes, using Nyquist plots and cyclic voltammetry to

assess their pseudocapacitance behaviour.

Finally, the third section addresses interlaboratory variability by estimating a new noise
term corresponding to measurements from a different setup and a new term in the GP

kernel which enables the adaption of the GP to systematic offsets.

4.2 Results

4.2.1 Formal Definition of the Gaussian Process Regression Model
In this study, Gaussian Process (GP) regression is employed to model the relationship
between graphene oxide reduction conditions and the experimentally measured specific

capacitance. The regression problem is defined as follows.

Each experiment is associated with an input vector

x; = [T, t;]" € R? Equation 4-1
where i =1,..,n indexes the individual experimental observations, T; denotes the
reduction temperature (°C) and t; denotes the reduction time (h). The corresponding
output y; € R represents the experimentally measured specific capacitance obtained
from galvanostatic charge-discharge measurements at a current density of 2 A/g. The

dataset is denoted by

D = {(x;,yi)}i=1 Equation 4-2
with the input matrix X € R™*¢ formed by stacking the input vectors row-wise and the
output vector y € R™ containing the corresponding capacitance measurements. In this

study, the input dimensionality is d = 2.

The measured output is assumed to be a noisy observation of an underlying latent

function f(x), such that

Vi = f(Xi) + &y €i~N(0' 0-1%)' Equation 4-3

where ¢; represents additive observation noise with variance o2. In this work, ¢ is not
treated as a free model parameter but is estimated empirically from experimental
variability arising from temperature control and electrode mass fluctuations, as described

below in section 4.2.2.
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A Gaussian Process prior is placed over the latent function,

f(x)~gSD(O, k(x, X')); Equation 4-4

where k(x,x") is the anisotropic squared-exponential kernel defined in Equation 2-7,
here applied to the two-dimensional input vector x = [T, t]T, allowing independent

length-scales for temperature and reduction time.

In several cases, multiple experiments are performed under nominally identical synthesis

conditions, resulting in repeated input vectors x; = x; with different measured outputs
yi #y;. Within the GP framework, such replicated observations are naturally

accommodated through the additive observation-noise term.

The covariance matrix of the observed data is given by

K, =K + o2l, Equation 4-5

where Ky is the noise-free kernel matrix evaluated using k(x,x") at the inputs X, and I is
the identity matrix. The presence of ¢?I ensures that K, remains positive definite even
when multiple observations share identical inputs, preventing numerical singularities and
allowing replicated measurements to be interpreted as independent noisy samples of the

same latent function value.

Consequently, replicated experiments reduce the posterior uncertainty at the
corresponding input locations while the posterior mean converges toward the
noise-weighted average of the observed outputs. This behaviour is consistent with the
experimental design adopted in this chapter, where replicated reductions using different
heating configurations are intentionally introduced to quantify temperature-induced

variability and propagate it into the GP model.

4.2.2 Uncertainty Quantification and Model Constraints

An analysis of the potential sources of experimental noise arising from the graphene
oxide reduction and electrode preparation steps is described below. This analysis is
limited to two different reducing temperature points (80°C and 120°C) and a single
reducing time point (0.5 hours). Rather than covering the entire temperature and time
ranges considered for the capacitance model, the study is focused on a local case and,
in the absence of sufficient replicates across all operating conditions, assumes
homoscedasticity. In other words, the measurement noise is treated as approximately
uniform across the explored synthesis conditions, recognising that potential variations in

error at different temperature-time combinations cannot be fully resolved with the
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available data. The experimental determination of uncertainty described here is based
on a selection of potential sources of noise associated with lab tasks and procedures
that are typical for this type of material and its characterisation. Thus, the values obtained
may be applicable to other research groups working on capacitance measurements of

materials from the same family, enhancing the extrapolation of the results.

To clarify the origin and propagation of the experimental uncertainties considered in this
study, Figure 4-1 presents a schematic overview of the potential sources of error
underlying the capacitance measurements. The scheme distinguishes between
uncertainties arising during electrode preparation, graphene oxide reduction stage
(temperature control) and electrochemical characterisation. These contributions are
progressively quantified throughout the chapter; uncertainties related to temperature and
mass are evaluated first, while inter-laboratory variability is introduced and quantified

later in Section 4.2.4.

Experimental sources of capacitance variability

Electrode Reduction process Electrochf,-mif;al
fabrication characterisation

I 00
) —
: . . Different measurement
Manual preparation Temperature set-point fluctuations
protocols across setups
- . L Inter-setup
Electrode mass variability Heating temperature variability

measurement variability

2 2
Uﬁmss ’U.'ientmg Osetups

I l 1

2 2 2 2
4 ’Uu - Jgirlass + Uhe(m'ng + Osetups

Figure 4-1 Conceptual scheme illustrating the main sources of experimental uncertainty affecting the
measured specific capacitance. The contributions considered include mass variability during electrode
preparation, temperature fluctuations during graphene oxide reduction and measurement-protocol

variability.

In a reduction process based on the chemical route at fixed temperature, a typical lab

procedure consists of introducing the reactants in a flask placed on a hot plate, as
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illustrated in left photo of Figure 4-2. The increase in the temperature within the flask is
limited by connecting it to a condenser, whose cold reservoir is an ice bath. This helps

maintain a constant water volume during the reduction.

—— Hot Plate
—— Electric blanket

Temperature (°C)

0 5 10 15 20 25 30
Time (min)

¥ : Elctric blanket

= AR r P |

Figure 4-2. Experimental set-ups for the reduction of graphene oxide using ascorbic acid as reducing

agent under controlled temperature. Left: set-up with temperature control via a hot plate. Middle: setup
with temperature control via an Arduino-based system, which measures bath temperature using a

thermocouple and adjusts power to an electric blanket accordingly. Right: temperature and time curves

recorded for both set-ups during an identical reduction treatment at 80°C for 30 mins.

The heating power released by the hotplate is controlled by an internal setpoint,
influenced by the temperature achieved by the plate. However, this may be a source of
error, as the objective is to develop a model where the input is the temperature of the
reduction bath on the capacitance, and not the temperature of the hotplate used for the
reduction. To assess this, a thermocouple was introduced inside the bath during a
reduction at 80°C for 30 min. As can be seen from the right plot of Figure 4-2, there is a
sharp, irregular fluctuation in the temperature of the bath inside a window between -10°C

and +5°C from the goal temperature.

To try to estimate the uncertainty this may cause in the capacitance, a new set-up is
configured (Figure 4-2, middle). In this set-up, the heating power is provided by an
electric blanket, in contact with the three-neck flask. The blanket is connected to an
Arduino, which modulates the released power according to the set temperature
measured by a thermocouple installed inside the bath. Thanks to this, a smoothening of

the temperature profile is achieved, as can be seen from the right picture of Figure 4-2.

To assign an uncertainty in the capacitance caused by the temperature fluctuations, two
reductions were carried out at 80°C for 30 mins, one where the temperature is controlled
by the hotplate and another at the same conditions, but where the temperature is
controlled by the system based on the electric blanket. This approach is similar to that
described in Chapter 3, where the differences in the outputs between replicates were
used to determine the coefficient of variation. Specifically, in Chapter 3 the coefficient of
variation was computed by performing a series of first-order replicates under deliberately

noisy conditions and quantifying the relative spread of the measured responses. This
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procedure isolates the variability that arises from the measurement system and from
controlled perturbations introduced to expose experimental sensitivity. As in that case, a
source of uncertainty is deliberately introduced through first-order replicates performed
under nominally identical experimental conditions in order to estimate experimental
noise. This noise is incorporated into the grey-box Gaussian process model as an

additive observation-noise term, such that the measured capacitance can be written as

y=fX) +¢e e~N(0,02), Equation 4-6

where y denotes the experimentally measured specific capacitance corresponding to the
synthesis conditions X, f(x) represents the latent (noise-free) capacitance response of
the system, and o is the observation-noise variance estimated from the variability
observed between replicates. Accordingly, in this study the output of the Gaussian
Process corresponds to the experimentally measured specific capacitance y, while the
input variables X, describe the synthesis conditions. By applying the same strategy in the
present chapter, with two different sources of heat for the reductions serving as
intentional sources of variability, an empirical measure of the temperature-induced

variability in capacitance is obtained and propagated as ¢ in the grey-box GP model.

The electrodes were prepared as follows: first, the components were weighed and mixed
on a glass plate. Then, the wet mixture was placed between two pieces of paper, pressed
against a glass, and rolled slightly to produce a slab with a homogeneous thickness.
Using a circular cutter, the slab was then cut into individual circular electrodes. Finally,
the electrodes were placed on a glass plate covered with holed aluminium foil and left to

dry overnight at 80°C and 150 mbar. Figure 2-8 illustrates the entire process.

To compare the capacitances of rGO-containing electrodes from different heating
set-ups, electrodes with the most similar masses were characterised to minimise the
impact caused by mass differences on capacitance measurements. Thus, an electrode
weighing 2.9 mg with rGO reduced using a hot plate was compared to an electrode
weighing 2.998 mg with rGO reduced using an Arduino-controlled electric blanket. The

results are shown in Figure 4-3 and Table 4-1.

Figure 4-3 compares the galvanostatic charge—discharge (GCD) curves of electrodes
fabricated using rGO reduced either on a conventional hot plate or using an
Arduino-controlled electric blanket. At 1 and 2 A-g™, both electrodes display the expected
triangular GCD profile, indicating capacitive behaviour. However, the electrode prepared

with the hot plate shows longer discharge times at all current densities. This suggests
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that the electrode produced using the blanket experiences stronger rate limitations,
possibly due to differences in porosity, contact resistance or microstructure induced by

the heating protocol.

GCD Curves for rGO (80°C, 0.5h)
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Figure 4-3. GCD curves of rGO electrodes reduced using two different heating systems. The curves
compare electrodes whose graphene oxide was reduced at 80°C for 30 mins using either a conventional
hotplate (dashed line) or an Arduino-controlled heating blanket (solid lines). Galvanostatic charge-
discharge tests were performed at 1 A/g (left), 2 A/g (middle) and 10 A/g (right).

Table 4-1. Specific capacitances at 1 A/g, 2 A/g, and 10 A/g for electrodes with rGO from reductions using
two different heating procedures. The bottom row corresponds to the standard deviation between them.

Current Density

Heating syste 1A/g 2 Alg 10 A/g
Electric blanket 109.69 F/g 100.77 Fig 74.84 Fig
Hot plate 124.74 Fig 117.55 Fig 115.28 Fig

’ 2
Oheating 10.64 F/g 11.87 Flg 28.60 F/g

The second source of uncertainty considered in this study is the fluctuation in mass of
the prepared electrodes. Given the difficulty of fabricating electrodes with identical
masses, due to the influence of manual labour in the process, this represents a plausible
source of discrepancies between experiments. Consequently, mass fluctuations are a
reasonable contributor to the underlying variance in a model that aims to relate the

temperature and duration of graphene oxide reduction to electrode capacitance.

To do so, two different electrodes were prepared, both using reduced graphene oxide
(rGO) as the active material, reduced at 80°C for 30 mins. The quantities of rGO used
were slightly different: one electrode contained 2.75 mg of rGO, while the other contained
2.46 mg. In both cases, rGO made up 80% of the electrode mass, with the remaining
20% consisting of 10% carbon black (Timcal Super C65) as conductive additive and 10%

PTFE as a binder. The results are shown in Figure 4-4 and
Table 4-2.

The curves are very similar in shape at all current densities, indicating that the electrodes

behave comparably despite the small mass difference. This is reflected quantitatively in
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Table 4-2: the specific capacitances differ only marginally at 1 and 2 A-g”" and remain
within a few percent of one another even at 10 A-g™'. The low standard deviations (< 7
F-g') suggest that, once the current is normalised to mass, moderate differences in
active-material loading introduce only limited dispersion into the calculated capacitance.
Nevertheless, the slightly larger deviation at 10 A-g' again points to high-rate
measurements being more sensitive to small geometric or structural variations between

electrodes.

GCD Curves for rGO (80°C, 0.5h)
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Figure 4-4. GCD curves for reduced graphene oxide electrodes. The graphene oxide was reduced at 80°C
for 30 mins. The curves represent a galvanostatic charge-discharge cycle at 1 A/g (left), 2 A/g (middle) and
10 A/g (right). The dashed lines correspond to electrodes containing 2.46 mg of rGO, while the solid line
are electrodes with 2.75 mg of rGO.

Table 4-2. Specific capacitances at 1 A/g, 2 A/g, and 10 A/g for rGO electrodes with different mass. The
bottom row corresponds to the standard deviation between them.

Current Density
Electrode mas 1A/g 2Ag 10 A/g
2.46 mg 123.65 Fig 106.79 Fig 77.88 Fig
2.75 mg 121.39 Fig 103.92 Fig 68.08 Fig
‘/O-r%ass 1.60 F/g 2.03Flg 6.93 F/g

Together, these results indicate that processing-related variables such as heating history
and electrode handling can measurably influence the apparent capacitance, particularly
at high current density. In contrast, moderate fluctuations in electrode mass contribute
much less to the overall uncertainty once the data are expressed in specific terms. These
observations support the decision to treat fabrication-related variability explicitly in the

uncertainty framework developed in this work.

Assuming these sources of uncertainty are reasonably independent, justified by the fact
that they arise from distinct equipment and procedures, namely temperature control
during reduction and mass measurement during electrode preparation, the total
uncertainty is calculated as the square root of the sum of the squared individual

uncertainties:
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’ 2 — |52 2 ion 4-
oy = \/Jheating + Omass Equation 4-7

Table 4-3. Calculation of the total noise for 1 A/g, 2 A/g and 10 A/g.

1A/g 2 Alg 10 A/g

/ag 10.76 Fig 12.04 Fig 29.42 Fig

Each uncertainty level was estimated from the standard deviation of two curves
(corresponding to two electrodes), which may not fully capture the underlying noise
distribution due to the limited sample size. This is acknowledged as a limitation, although

the GP framework can still operate with these uncertainty estimates as inputs.

Because these uncertainties were derived empirically, contributions from inherent
measurement variability (i.e., irreducible error) are assumed to be embedded within the
reported values. The irreducible error was estimated experimentally by repeating
galvanostatic charge-discharge measurements on two nominally identical electrodes
prepared under the same synthesis and testing conditions (identical rGO reduction
temperature and duration, heating setup, and closely matched electrode masses). Since
temperature and mass variations were minimised by design, the remaining dispersion in
the measured specific capacitance was attributed to irreducible measurement variability.
The irreducible error was therefore quantified as the standard deviation between the
capacitance values obtained for the two electrodes at each current density. Full

experimental details and results are provided in Appendix B (page 199).

Notably, at 2 A/g and 10 A/g, the irreducible error is smaller than the uncertainty levels
associated with temperature and mass fluctuations (6¢emperatures Omass), supporting the
assumption that these sources dominate the overall uncertainty under these conditions.
However, at 1 A/g, the irreducible error slightly exceeds o,,,s, suggesting that under
certain conditions, measurement variability may play a greater role in the overall
uncertainty, without compromising the validity of the data, as this variability is explicitly
quantified and incorporated into the uncertainty analysis. Nevertheless, since all
uncertainty estimates are derived from empirical trials, the irreducible error is considered
to be adequately accounted for in the reported values. Finally, although uncertainty was
calculated for three different current densities, the GPs presented in this study are
restricted to data obtained at 2 A/g. This choice simplifies the analysis and keeps the

modelling within the scope of the thesis, while allowing a clear demonstration of the
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methodology. The investigation of uncertainty dependence and GP modelling across

different current densities is left for future work.

As stated in Section 2.3.2, the library used in this thesis is Scikit-learn, a popular
open-source machine learning library in Python. In Scikit-learn, the Gaussian Processes
are fit to the data following Algorithm 2.1. as presented in [348]. In brief, it consists of
calculating the probability of the observed points given a model with a set of
hyperparameter values (also known as marginal likelihood or evidence) and find the

combination of hyperparameters that maximise such probability.

In this study, x; represents the vector of experimental input variables, namely the
reduction temperature and reduction time, and y; represents the measured specific
capacitance for that input. Let X € R™¢ denote the matrix of input points. The noisy

covariance matrix is constructed as

1
K, = gfexp (— > Q) + a2l Equation 4-8

where Q is a matrix with entries Q;; = (x; —x;) M(x; — ;), and the exponential function
is applied element-wise. Here, M = diag(l7?, ..., [;?) is a diagonal metric matrix encoding
the inverse squared length-scales for each input dimension, derived from the

length-scale vector € = (13, ..., ;). The marginal likelihood in log form is:

1 1 n _
logp(y|X,0) = — EyTK;ly - Elogle| — Elog 21 Equation 4-9

where 0 = {afz,t’, a,%} represents the kernel hyperparameters. In this thesis, the GP is
implemented using the Scikit-learn library, as previously stated. The observation-noise
variance o7 is fixed to the empirically estimated experimental uncertainty while afz and
the length-scale vector € are variated during the optimisation process, with a range of
bounds by default that spans from 10 until 10°. In this thesis, the noise term o, used in
the GP is taken directly from the experimentally derived uncertainty (Equation 4-7);
consequently, g, is not independently estimated by the model but is computed from the

empirical variability observed in the heating and mass measurements.

An effective use of GP requires the selection of the right kernel, that introduces the prior
knowledge from the scientific domain. To follow this philosophy, and given that our aim
is to build a model representing the capacitance response to variations in graphene

synthesis conditions, Equation 4-7 is computed as 6?2 in the GP. Similarly, the bounds of
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[ are limited to capture a more representative model. To do so, the following heuristic

rule is considered [407]:

2
0x;

ﬁ

Equation 4-10

| =

—, A€[L10, j=1,..4d

where [ denotes the characteristic length-scale associated with the j-th input variable,

2

Iy, is the empirical variance of the input variable X, and 4 is a dimensionless scaling

factor controlling the smoothness of the latent function.Equation 4-10 restricts the value
of the length-scale to a value that is shorter than the ‘spread’ of the input variables, with

the aim of capturing the information about the objective function ¢ that can be obtained

across the input space. For the temperature input, /a,?empemture , is computed over a

restricted operating window (65-95 °C), corresponding to the temperature range suitable

for scalable graphene production in a pilot-plant environment (see Figure 4-5 below).

Figure 4-5. Graphene production pilot plant. Photo courtesy of TheNextPangea®.

Additionally, a time window from 0.5h until 3h is applied to ensure a cost-effective

reduction process, with the experimental space filled by data points varying at 5°C and

30-minute intervals, respectively. This gives the following values for \/a2:

/O-tzemperature =10.80 = ltemperature € [1.08,10.80] Equation 4-11

/ 0lme = 0.94 = lime € [0.09,0.94] Equation 4-12

4.2.3 Surrogate Modelling and Experimental Optimisation
In addition to the capacitance given by 80°C and 0.5 h, two more pairwise points of

reduction time and temperature were evaluated, given by the following conditions:

e 65°C, 3 hours
e 95°C, 0.5 hours
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The GCD curves and capacitances are summarized in Figure 4-6 and Table 4-4,
respectively. With this selection of hyperparameters and initial points, a GP model was
constructed. The results are shown in Figure 4-7. The top plot represents the predicted
mean distribution, with crosses indicating the observation points. As expected, the mean
remains close to zero across most of the plotted region, except in areas near the
observed data points. These localized variations in the mean are influenced by the
length-scales of the covariance function Equation 4-11 and Equation 4-12. The
anisotropic shape of the GP’s response around the observed data points, which exhibits
a more extended spread along the Time axis, reflects the shorter length-scale associated
with this variable Equation 4-12.

GCD Curves for rGO
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Figure 4-6. GCD curves for reduced graphene oxide electrodes under three different reduction conditions.
The curves represent a galvanostatic charge-discharge cycle at 1 A/g (left), 2 A/g (middle) and 10 A/g
(right). The dashed lines correspond to 80°C and 0.5 hours, the solid line to 65°C and 3 hours, and the

dotted line to 95°C and 0.5 hours.

Table 4-4. Specific capacitances at 1 A/g, 2 A/g, and 10 A/g for rGO electrodes produced under three
different reduction conditions: 80°C for 5 hours, 65°C for 2 hours and 85°C for 1.75 hours.

Reduction T*‘c,:tLijr::(Snt SETEY 1 A/g 2 A/g 10 A/g
80°C, 0.5h 124.74 Fig 117.55 Fig 115.28 Fig
65°C, 3h 117.81 Fig 104.55 Fig 78.22 Flg
95°C, 0.5h 131.40 Fi/g 114.64 Fl/g 75.28 Fig

At first glance, the GP’s mean prediction of zero capacitance in unobserved regions may
seem physically unrealistic, as capacitance is generally expected to have nonzero
values. However, a GP does not provide only a point prediction but also models the
confidence associated with that prediction. In regions far from the observed data, the
predictive uncertainty becomes large, indicating that the model assigns low confidence

to the mean value.

Figure 4-7 shows the Gaussian-process surrogate model built to describe the
dependence of capacitance on reduction temperature and time. The upper plots display
the predicted mean capacitance over the design space, while the lower plots show the

associated predictive uncertainty.
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The bottom plot in Figure 4-7 visualises the 95% confidence interval, which extends by
nearly 200 F/g in regions of high uncertainty. This indicates that while the GP mean might
suggest an unphysical prediction (zero capacitance), the high uncertainty corrects this
by acknowledging the model’s lack of knowledge in those regions. In other words, while
the GP predicts zero in those regions, such a prediction is not a confident estimate,
reflecting the fact that the model has not learned enough from the available data points

to make a reliable prediction.

With only three experimental observations, the Gaussian Process (GP) model is not
intended to provide a physically accurate global prediction of capacitance. Instead, its
purpose at this stage is to demonstrate how limited experimental data are incorporated
into a probabilistic surrogate model that simultaneously represents predictions and

associated uncertainty across the design space.

The figures demonstrate that the GP not only interpolates between measured points but
also quantifies the level of confidence in each prediction. Regions far from experimental
data exhibit higher uncertainty, while densely sampled regions show narrower
confidence intervals. This behaviour is essential for guiding Bayesian optimisation and

for ensuring that model-based decisions account for experimental noise.

To apply Bayesian Optimisation, the Expected Improvement (El) acquisition function was
selected, as it effectively balances exploration and exploitation during the optimisation
process [408]. Figure 4-8 presents the El values for temperature and time, indicating that
the next optimal point for graphene oxide reduction is around 80°C and just above 0.5
hours, as highlighted by the red star in the graph. However, it is important to note that
this prediction is based on a limited number of data points and is intended to illustrate

the application of the method at this stage rather than to provide a definitive prediction.

This figure is particularly important because it links modelling with experimental
decision-making. Rather than sampling the design space uniformly, El directs new
experiments toward regions where the balance between high predicted capacitance and

high uncertainty is most favourable.

The optimisation process was carried out until an experimental budget of ten additional
points was reached. The corresponding results are presented in Figure 4-9.
Measurements were repeated four times at 80°C, 0.5 h and twice at 72°C, 0.8 h, resulting

in a total of 13 observations across 9 unique points.
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Figure 4-7. Gaussian Processes after three capacitance measurements at 2 A/g, with Temperature (x-axis)
and Time (y-axis). The crosses on the plots indicate the points of real data (observations). The top plot
shows the predicted mean distribution. The bottom plot illustrates the uncertainty in terms of the 95%

confidence interval, calculated as 1.96 times the standard deviation /g2, where /o is computed
according to Equation 2-7.
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Figure 4-8. Expected Improvement for the Gaussian Process estimated from capacitance values of
graphene oxide electrodes reduced at 80°C (0.5h), 65°C (3h) and 95°C (0.5h). The red star indicates the
point where the El reaches its maximum value in the first iteration.
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Compared to the initial GP model shown in Figure 4-7, where the posterior mean
remained close to zero due to the limited number of observations and the zero-mean
prior, the addition of new experimental data during Bayesian Optimisation leads to a
rapid upward shift in the GP mean. This transition occurs predominantly during the early
iterations of the optimisation, once the model has observed several capacitance values
of similar magnitude. Subsequent iterations primarily refine the local structure and
uncertainty rather than further shifting the global mean, resulting in a plateau around
100-110 F/g.

The mean capacitance distribution, represented in the top plot of Figure 4-9, remains
relatively smooth, fluctuating between 100 and 110 F/g, suggesting a weak dependency
of the capacitance on temperature and time within the explored range. The uncertainty
heatmap (bottom plot of Figure 4-9) reveals higher uncertainty in regions with fewer
training points, particularly in the upper-right and lower-left corners, as well as in the
region between 70-80°C above 2 hours. These effects arise partly from the limits of the
decision space, as introduced earlier. The GP is defined over a bounded domain of
65-95°C and 0.5-3h. In areas close to these boundaries, especially at high temperatures,
the model has fewer neighbouring observations to support its predictions, which causes
the GP to revert toward its prior mean and results in larger predictive variances. This
indicates that the model is less confident in those areas. While refining the model in these
regions could be beneficial, the observed smooth capacitance distribution suggests that

further tests within this optimisation framework may yield limited new insights.

In fact, this smooth behaviour motivates the study of other parameters beyond
temperature and time, which may have a greater impact on determining capacitance.
Examples could include parameters affecting the drying step [409,410], the oxygen

content of the initial graphene oxide [411,412] or post-heating treatments [413].

LOO-CV was performed, with residuals presented in Figure 4-10. All held-out residuals
fall within their respective 95% confidence intervals. This demonstrates that the model’s
uncertainty estimates (governed by the noise parameter g,, and the anisotropic RBF
kernel) closely reflect the true variability in the data. The kernel's length-scales were
validated as appropriate, with no systematic under/over-prediction across the

experimental range.
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Figure 4-9. GP mean prediction distribution (top) and 95% confidence level (bottom) after 13
observations.
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Figure 4-10. Residual plot for each held-out condition during LOO validation.

Previously shown GCD curves and capacitance data indicate a pseudocapacitance
behaviour of rGO electrodes, which is expected from this kind of material [411]. While its
high surface area and porous structure contribute to Electrical Double Layer Capacitance

(EDLC), functional groups such as hydroxyl, carboxyl and carbonyl, that remain present
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after an incomplete reduction of the original graphene, can act as active sites for

Faradaic redox reactions, causing pseudocapacitance.

Figure 4-11 presents two types of electrochemical characterisations for the reduced
graphene oxide electrodes. The top panel shows Nyquist plots, where the real part of
the impedance appears on the x-axis and the negative imaginary part on the y-axis. Each
electrode is represented by two curves: a solid line measured at 0.8 V and a dash-dotted
line measured at 1.2 V. The width of the semicircle reflects the charge-transfer
resistance, while the low-frequency tail indicates capacitive behaviour. The bottom panel
displays the corresponding cyclic voltammetry curves, in which the current response is
plotted against the applied potential for the same voltage limits. These plots allow direct
visual comparison of the capacitive and pseudocapacitive contributions under different

reduction conditions and operating voltages.

The Nyquist plots reveal that higher voltage causes a reduction of the width of the
half-circle at medium-high frequencies, which is attributed to a reduction in the charge
transfer resistance R.; [392,414]. This suggests enhanced redox activity at higher
voltages, as the applied potential drives faster kinetics. Moreover, the voltage-dependent
behaviour at the low-frequency region confirms the pseudocapacitive nature of the
electrode, as an ideal EDLC would exhibit vertical lines, independent of the voltage
applied. Cyclic voltammetry curves display quasi-rectangular shape with broad,
asymmetric features in both the anodic and cathodic branches, confirming the
pseudocapacitance behaviour for these materials [415]. In addition, the increase in
voltage window is accompanied by a rise in current and capacitance, suggesting the

activation of redox processes enabled by the wider voltage window.
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Figure 4-11. Top: Nyquist plots for rGO electrodes reduced under different temperature and time
conditions, measured at 0.8V (solid lines) 1.2V (dash-dotted lines). Bottom: corresponding CV curves for
the same electrodes and voltage conditions.

4.2.4 Interlaboratory Modelling

To gain deeper insights into the effectiveness of GPs in predicting capacitance from
noisy observations, a set of samples was characterized using three-electrode method,
with a different set-up and in a different laboratory (i.e., Nth-order replication, as defined
in Section 3.1). This set-up is referred to as ‘set-up 2’ to distinguish it from the original
configuration, referred to as ‘set-up 1’. The potential sources of uncertainty in a model
that covers capacitance values evaluated from both set-ups are varied and include
several factors, such as variations in the measurement equipment, different reference
and counter electrodes, fluctuations in the electromagnetic interferences, and variations
in cell geometry and electrode spacing [416]. Moreover, testing protocols differed slightly;
specifically, in set-up 1, the voltage window for the GCD was 1.2V, while in set-up 2, this
window was limited to 0.8V. All these differences are intended to develop a model with

high generalisation power which integrates the interlaboratory measurement protocol
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fluctuations observed in literature. Table 4-5 describes the differences between these

two set-ups.

Table 4-5. Characteristics of the two set-ups used to evaluate the capacitance of rGO electrodes.

Set-up 1

5 \ P ' i
Cell 3D-printed Swagelok cell Gamry’s EuroCell™
Current collector Stainless steel bar Ni foam
Counter Electrode Activated Carbon Norit SA Super (90%) + Pt sheet
PTFE (10%)
Reference Ag bar Ag/AgCl/saturated KClI
Electrode
Electrolyte 1M KOH 1M KOH
Potentionstat BioLogic Gamry
Voltage window 1.2V 0.8V

The model was then updated by two means: firstly, by incorporating an additional set-up
dependent deviation term to account for systematic differences between the
measurement configurations, and secondly, by introducing a new categorical input
feature indicating the set-up used. This additional term is not intended to represent
random noise but rather the systematic shift or bias introduced when capacitance

measurements are performed across different laboratories and instrumentation.

To estimate this deviation associated with the type of set-up, GCD curves of one
electrode were measured in set-up 1 and compared with GCD curves from another
electrode measured in set-up 2. Both electrodes had similar masses (3.34 mg and 3.4
mg, respectively) and contained rGO from the same reduction process. The GCD curves

are represented in Figure 4-12, while Table 4-6 summarises the results.

The GCD curves measured in set-up and set-up 2 clearly show the influence of the
available voltage range on the electrochemical response. In set-up 2, the
charge-discharge cycles finish earlier because the measurement is constrained to 0.8 V,
while in set-up 1 the curves extend further in time due to the larger 1.2 V window. This
means that, even at the same applied current density, the electrode in set-up 1 is storing

and releasing charge over a wider potential range.

At 1 A-g”, the GCD curves from set-up 2 exhibit a more symmetric and triangular profile,
with very little curvature. This behaviour is typically associated with ideal double-layer
capacitive storage and high coulombic efficiency, since the charging and discharging

processes are nearly mirror images of each other. The reduced curvature suggests that
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pseudocapacitive or faradaic contributions are less significant when the potential window
is limited to 0.8 V.

In contrast, the curves obtained in set-up 1 display slightly more deviation from linearity.
This is consistent with the activation of additional redox or pseudocapacitive processes
at higher potentials, which increases the apparent capacitance at low current densities

(e.g., 117.81 F-g"' vs 99.13 F-g* at 1 A-g™") but may also reduce the ideal triangular
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Figure 4-12. GCD curves for two different reduced graphene oxide electrodes measured in two different
experimental set-ups in two different labs. The curves represent a galvanostatic charge-discharge cycle at
1 A/g (left), 2 A/g (middle) and 10 A/g (right). Top figures correspond to measurements carried out using
set-up 1, bottom figures refer to measures using set-up 2. The graphene in the electrodes was reduced
from graphene oxide at 65°C for 2 hours.

Table 4-6. Specific capacitances at 1 A/g, 2 A/g, and 10 A/g for rGO electrodes measured in two different

setups.
Current Density
Set-up 1A/g 2 Alg 10 Alg
Set-up 1 117.81 Fig 104.55 F/g 78.22 Flg
Set-up 2 99.13 F/g 93.54 F/g 86.88 Fl/g

Table 4-7. Noise attributed to measurements coming from different setups, for 1A/g, 2A/g and 10A/g.

0% tups 13.21 Fig 7.78 Fig 6.13 Fig

Thus, a total noise has been recalculated, by adding the previous noises related to heat

source and mass fluctuations, to the noise originating from differences between set-ups.
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2 — 2 2 2 i -
"Un - \/Jheating + Ofass Osetups Equation 4-13

Table 4-8. Total noise considered for 1 A/g, 2 A/g and 10 A/g.

1A/g 2 Alg 10 A/g

/gg 16.94 Fig 14.20 Fig 29.52 Fig

With this updated total noise, a new variance (c2) was computed in the White Kernel

(Equation 4-7) for the GP that takes the values characterized in set-up 2.

Beyond this noise update, a setup-specific bias was incorporated to account for
systematic offsets between measurement systems. The GP kernel was extended to
include a categorical feature for setup identity (one-hot encoded as [1,0] or [0,1]) as it

follows:

X;

| (Tl _ X[T,t]”Z ”X[s] _ 7
k(x;,%;) = of -exp| — T t] It T J Equation 4-14

where xI™'t] are the temperature/time features, x5! is the setup feature, and 12, and 12
are the temperature/time and setup length-scales, respectively. Following the same
physics-informed philosophy as in the first GP, [ was fixed by assuming an inter-setup
tolerance of < 15%. This value was derived from the relative change in capacitance
attributable to variations in the voltage window in carbon-based nanostructures,
calculated using the decision tree rules of ref. [417], together with the standard deviation
associated with data analysis in pseudocapacitors, extracted from the interlaboratory

study in ref. [363]. This yields [ = 2.3 (see Appendix B, page 199 for detailed derivation).

Unlike temperature and time, which are controllable process parameters deliberately
explored within a constrained but continuous design space defined by scalability and
cost considerations, the measurement setup is a categorical and non-controllable
variable. Its role in the model is not to describe a tuneable process response, but to
account for systematic interlaboratory offsets. For this reason, the < 15% assumption
defines a bounded range in the output space (i.e., the maximum expected deviation in
capacitance attributable to setup differences), rather than a range of input smoothness
to be inferred from data. This tolerance is therefore encoded as a fixed length-scale,
preventing the GP from attributing excessive variance to the categorical feature while

ensuring physically realistic inter-setup differences.
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To assess the performance of this GP, LOO validation was conducted. Because the
heatmaps were nearly identical when the interlab data were included, they are omitted
here for clarity. Additionally, a data point from [418] was incorporated for testing. This
was the only point found in the literature referring to the capacitance of reduced graphene
oxide, where the reduction conditions, namely the reducing agent, temperature and time,
fell within the limits considered in the present model. For this point, the categorical
feature corresponding to set-up 1 was assigned, as the conditions in this setup were the
closest to those described in [418]. The 95% confidence interval in Figure 4-13 is
computed from the GP predictive distribution as ¥ + z,0,eq4, Where J is the predictive

mean, o4 is the predictive standard deviation returned by the model, and z, ~ 1.96 for

a 95% interval. The noise variance was set to a = 201.7 (F/g)?, corresponding to an
experimental standard deviation of 14.2 F/g, in line with the uncertainty estimates
reported in Table 4-8, so the confidence intervals already reflect the expected

measurement errors. Figure 4-13 shows the residuals from both LOO validation and

testing.
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Figure 4-13. Residual plot for each held-out condition during LOO validation. Black dots represent
capacitance values measured with Setup-1, while red dots correspond to Setup-2. The blue dot indicates
the residual of the test point, whose reference value was taken from ref. [418]. The prediction for this point
was computed using the following inputs: 95°C, 1h and Setup-1.

The residuals fluctuate around zero, indicating a mix of underestimations and
overestimations without systematic bias. This confirms the appropriate choice of kernel
and suggests that the model is sufficiently complex to capture the underlying trends.
Furthermore, all residuals lie within the 95% confidence interval, further validating the
model’s robustness. The testing point, taken from ref. [418], is accurately predicted, with
only a minor underestimation of 5.2 F/g. This point serves as an external validation of

the model, providing an independent literature value against which its predictive
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performance can be assessed. For comparison, Figure 4-14 shows results from a GP
model where no categorical feature was added to account for different setup

configurations, leading to a setup-induced offset.
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Figure 4-14. Residual plot for each held-out condition during LOO validation under the two setup
configurations.

The previously described pseudocapacitive nature of the rGO materials may be the origin
of the observed bias between setups in Figure 4-14. The higher voltage window in set-up
1, compared to set-up 2 is potentially activating higher redox groups, causing the

observed higher capacitance values.

The three largest deviations (at 95°C, 0.5h; 82°C, 2.7h; and 65°C, 2.0h) occur in regions
of higher uncertainty, suggesting that additional data in these ranges could improve the
model. Most residuals (19/22) fall within the £20 F/g range, which aligns with the most
frequent bounds of the 95% confidence intervals. This threshold is derived from the
estimated measurement noise (Table 4-8) combined with an irreducible error
component. As described before, the measurement noise was obtained by evaluating
the variability introduced by selected experimental uncertainty sources. These include
temperature fluctuations during the reduction step, differences in electrode mass, and
systematic differences between measurement set-ups. For each source, the standard
deviation of the capacitance measured from paired replicates was calculated. The three
noise contributions were then treated as independent and combined using the quadratic
sum, which gives the overall experimental noise level expected across the model
domain. The origin of this residual error may be attributed to aleatoric effects such as
environmental fluctuations affecting sample preparation or testing, limitations in
measurement resolution, or potential biases introduced during data processing.
Additionally, epistemic uncertainties could contribute. For example, the unknown spatial

distribution of the binder, conductive additive and reduced graphene oxide in the
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electrode. A systematic quantification of these uncertainty sources would be valuable for

future studies.

4.3 Conclusions and Future Work

In this chapter, a physics-informed Gaussian Process model was developed to guide the
synthesis of reduced graphene oxide with improved capacitance, using a non-toxic and
scalable reduction method based on ascorbic acid. The result is a heatmap that relates
temperature and time conditions to capacitance. To efficiently explore the synthesis
space, Bayesian Optimisation was employed, using GP as surrogate model with the

motivation of reducing the number of experimental trials required.

Unlike purely data-driven models, the GP developed here incorporates experimentally
determined noise terms and applies physical constraints to the kernel length-scales,
based on scalability criteria. This grey-box approach ensures that the model respects the
underlying physics of the system, accounting for variability arising from reduction
conditions, electrode preparation and electrochemical testing, which are all key

contributors to the often-cited reproducibility challenges in materials science.

The GP’s predictive performance, validated through Leave-One-Out Cross-Validation
(LOOCYV), confirms appropriate hyperparameter selection, with all experimental points
falling within the 95% confidence interval. The resulting mean capacitance values remain
relatively stable, ranging from 100 to 110 F/g across the tested range of temperature and
time. This smooth behaviour suggests a weak dependency on these variables within the
explored window and highlights the need to investigate additional synthesis parameters
that may exert stronger influence. Examples include drying procedures, original oxygen
content of the graphene oxide or innovative post-treatment processes. Electrochemical
characterisation using Nyquist plots and cyclic voltammetry supported the
pseudocapacitance behaviour of the rGO electrodes, complementing the model’s

insights.

From an economic perspective, the reduction of graphene oxide represents one of the
most versatile strategies for tuning capacitance, because it allows controlled modification
of porosity and surface functionalities such as oxygen groups. The method also benefits
from starting with graphene oxide, a material already produced at industrial scale in
quantities of several thousand tonnes per year, which significantly improves
cost-effectiveness and scalability. In this work, the selection of reduction parameters,
including temperature, reaction time and the use of an inexpensive and non-toxic
reductant, was guided by the goal of minimising the economic impact of the process

while maintaining electrochemical performance. These considerations support the
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potential of this approach to achieve a competitive performance-to-cost ratio when
compared with other electrode materials used in supercapacitors, such as activated

carbons, carbon nanotubes and doped carbons.

To evaluate generalisability across experimental setups, a second interlaboratory data
set was introduced, which is important because models developed from single-laboratory
data often fail when applied to different experimental environments. Variations in
equipment, electrode preparation, measurement protocols and operator practices can
introduce systematic differences that significantly affect electrochemical properties.
Assessing performance across independent data sets therefore provides a more

rigorous test of the model’s robustness and its potential for broader applicability.

The GP was updated with an extended noise term and an additional kernel component
to capture systematic biases between setups. A 15% inter-setup tolerance was adopted,
motivated by prior studies highlighting capacitance variability in pseudocapacitors. The
updated model continued to perform well, as confirmed by LOOCV and the successful
prediction of an external test point from the literature. Together, these results underscore
the value of combining ML with physical insight to enhance understanding and predictive
control in the synthesis of advanced electrode materials, while contributing to improved
reproducibility in experimental materials science and supporting further research critical

to the transition toward a zero-emissions economy.

There are several potential directions for continuing the work presented in this chapter.
One of these involves refining the feature engineering process, which in this study
yielded input features with limited influence on capacitance, likely due to the constraints
imposed for scalability. Exploring heat treatments after the chemical reduction could be

a promising extension of the current model.

Regarding uncertainty analysis, it would be valuable to investigate the influence of
current density on the experimentally observed noise in greater detail. This may require
a more comprehensive evaluation of experimental variability (e.g. including multiple
samples per condition), as well as deeper electrochemical analysis to uncover underlying
patterns that are affected by current density. Additionally, exploring the stability of
electrodes during prolonged cycling, and how this is influenced by synthesis input

parameters, offers another meaningful research direction.

More broadly, the uncertainty estimation framework described in this work could be
extended to support research on other materials, such as emerging battery cathode
candidates, or even in fields beyond electrochemistry such as additive manufacturing of

new alloys, membrane development, or bioplastics.
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5 Modelling Graphene Capacitance with
Physics-Informed ML under Data Scarcity

Summary

The rise of Machine Learning models has impacted all scientific domains, from biology
and chemistry to physics and materials science. In materials science, while these models
offer clear advantages in research, they are sometimes constructed without ensuring
physical correctness. Moreover, conventional performance metrics often fail to
adequately assess the physicochemical validity of the complex patterns identified by
these models. Additionally, the trade-off between material structure specificity, key
chemical and physical properties, and data availability presents a challenge in training
models for specific material families. Achieving sufficient complexity to capture

underlying patterns while avoiding overfitting remains a key difficulty.

In this work, a ML model for graphene capacitance is constructed using a limited dataset.
A series of steps are introduced during model creation that, for this specific scientific
domain, are innovative. Such steps include outlier identification using Mahalanobis
distances of feature distributions across publications, grouped k-fold cross validation
where the groups are composed of datapoints from the same publication, and introducing
a metric that penalizes error variability between those groups to find the best
hyperparameters. All these measures have the motivation of guaranteeing physical
correctness while optimizing the model complexity and avoiding overfitting. Such
correctness is deeply assessed with literature examples from outside the dataset.
According to the constructed model, the top three main physicochemical features
affecting graphene’s capacitance are nitrogen doping, oxygen doping and average pore
diameter. These principles for ML model development can be extended to other
applications in materials research. A final comparative evaluation with experimentally
synthesised samples confirmed the complementary strengths of GP and RF models,

highlighting their joint value for rGO electrode design.

5.1 Introduction

As introduced in section 2.3, a ML model is a mathematical descriptor of a given
collection of structured data (dataset) that adjust the weights or parameters to minimise
the errors of such description. The effectiveness of an ML model in either case is
influenced by the nature of the model, defined by its inputs, outputs, the quantity and
quality of points in the dataset and the algorithm followed to fit the model to the data
[342,419].
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The use of ML in the field of electrochemistry has become a prolific area of research.
Key applications include the discovery of new electrocatalysts for energy storage,
harvesting and conversion, as well as the production of sustainable chemicals [420—
433]. ML also supports the interpretation of electrochemical data by identifying patterns
and relationships in measurements such as voltammetry, impedance spectra and cycling
behaviour that are difficult to extract using conventional analysis [434—444], and enables
advanced diagnostic and prognostic techniques in electrochemical devices [445—455].
As the field continues to evolve, researchers are constantly exploring and developing

additional innovative applications of ML in electrochemistry.

Before the rise of ML models in electrochemical research, traditional approaches to
model creation consisted of the ideation of a series of equations, supported by the
established knowledge from experimental evidence, previous models or a combination
of both on the relevant fields at the time the model is created. This physical-chemical
laws aim to represent in an unambiguous manner how a part of the material main
characteristics explains some of its properties under a given characterisation context

(e.g. Gouy-Chapman model, Butler-Volmer equations, etc.).

In contrast, the approach of an ML scientist aiming to create a new model differs from
traditional equation-driven methods, as it relies on data-driven learning rather than
physical-chemical laws [342]. Knowledge of the physical or chemical fields governing the
system under study is not necessarily required to be explicitly encoded in order to obtain
a model that achieves reasonably accurate predictions according to predefined accuracy
and/or error metrics. Depending on the algorithm selected, this model may provide
somehow ‘understandable’ relationships or, on the contrary, a set of given conditions or

equations whose interpretation is unaffordable for a human mind.

As a consequence of this, some current approaches may lack proper consideration of
material science and electrochemical fundamentals, both in their construction and in the
interpretation of results. This can lead to models that, while statistically robust, may not
adhere to the principle of ‘physical correctness’, i.e., the alignment with established
physicochemical laws and principles. Consequently, some models may contradict each
other regarding which physicochemical characteristics are most relevant or may
inappropriately equate materials of different natures or measurements made under
disparate conditions [456—462]. Examples of these contradictions in the context of

graphene capacitance are described in section 1.3.3.

In this chapter, this problem is tackled in the context of ML models for predicting

capacitance in carbon-based material, with a focus on graphene and its derivatives. The

158



aim is to develop a novel ML that adheres to the principles of physical correctness while

effectively mitigating overfitting.

5.2 Methods

5.2.1 Feature Selection

The objective of the model presented here is to gain a deeper understanding of the
relative importance of graphene’s physicochemical features on capacitance, according
to the current literature. The model's inputs consist of physicochemical characteristics
that have been established in the literature as key factors influencing capacitance. Table
5-1 below summarises them, with an explanation of their technical relevance as
indicators of capacitance, and references from other carbon materials models that

included them as inputs.

Table 5-1. Technical relevance and presence in previous model of the selected physicochemical features

of graphene.
Input . - . .
CETRLIE Technical relevance Presence in previous capacitance models
[282] [283] [284] [285] [286] [287] [290] [295] [298] [303] [304] [305]
Contribute to
0,
Oxygen % pseudocapacitance X X X X X X X X X
Sulphur % Contribute to X X X X
pseudocapacitance
Nitrogen % and electrical X X X X X X XPb X X X
conductivity
Specific
a a C d a d
i‘r‘;;ace Contribute to EDL X X | X X x| x| x X X | X X X
capacitance
Total Pore X x° xd xd X
Volume
Average Condition the EDL
Pore capacitance and ion X X X X X
Diameter transport
Condition the EDL
Io/lg ratio capacitance and X X X X X X X X

electron transport
2ln this model, the surface area contribution is divided into two indicators: one for the surface area derived from micropores
(SAnmicro) and another for mesoporous (SAmeso)
bNitrogen % is divided into 4 indicators: pyrrolic nitrogen, pyridinic nitrogen, quaternary nitrogen and other nitrogen type

°Both surface area and pore volume are each split into two indicators: one for the total surface area/pore volume and
another for the relative proportion corresponding to micropores

9Both surface area and pore volume are each divided into three indicators: one for the micropores (Smicro, Vimicro), One for
the mesopores (Smeso, Vmeso) and one for the total pore contribution (SSA, PV)

The model is intended for samples where capacitance has been characterised using
Galvanostatic Charge-Discharge measurements under KOH electrolyte. This technique
and electrolyte, as opposed to Cyclic Voltammetry and other electrolytes, represent the
most commonly used configurations in previous models. Although the influence of the
electrolyte can be important and interesting to assess, the current model is focused on
the most widely adopted setup to avoid having excessive inputs, thereby mitigating the

risk of the curse of dimensionality [463].
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Likewise, no distinction was made regarding electrolyte concentration, testing method or
voltage window, as data collection was limited to publications using three-electrode setup
with 6M KOH and a 1 V voltage window, which is the most frequently reported
configuration for these materials. Furthermore, the durability during cycling has not been
addressed in the model, restricting the output to the capacitance obtained after the first

cycles.

Following a similar philosophy of maximising the spectrum of available data in the
literature while maintaining a moderate number of inputs, no distinction has been made
between contributions from micropores and mesopores for either surface area or pore
volume. Similarly, nitrogen content has been considered as a single input. These choices
constitute deliberate simplifying assumptions introduced to limit input dimensionality and
to ensure consistency with datasets and input definitions employed in previously
published models of graphene-based electrode capacitance reviewed in this work.
Although pore-size-resolved descriptors and detailed nitrogen functionalities can provide
additional insight into charge storage mechanisms, incorporating them would require
substantial data curation and redefinition of inputs across studies, significantly reducing
the number of usable samples. As a result, the present model is intended to capture
dominant, average trends across the dataset rather than to explicitly capture effects

associated with pore size or nitrogen chemistry.

Finally, current density is also included as input variable. The reasons behind this are
two-fold: first, by including the current density as input, the number of available data from
the same kind of material is maximised, as very frequently the same sample is
characterized at different current densities. Secondly, current density and capacitance
are typically negatively correlated, regardless of the physicochemical features of the
sample. So, by including it as an input, this underlying contribution is being considered,

apart from the contributions from physicochemical properties.

With respect to data balance, the dataset is not statistically balanced in the sense of
providing uniform coverage of the entire input space. The degree and nature of
imbalance vary across variables. Capacitance and oxygen content exhibit relatively
broad and unimodal distributions, providing good coverage of the ranges most commonly
reported in the literature. Other inputs, including current density, heteroatom content,
specific surface area, pore volume, average pore width, and the Ip/lg ratio, display
varying degrees of skewness or long-tailed behaviour. Importantly, for several of these
variables the skewness is centred around physically meaningful and frequently reported

values (for instance, lo/lg ratios close to unity in graphene-based carbons), indicating

160



that the observed imbalance reflects realistic experimental practice rather than a
sampling artifact. A detailed discussion of the distributions of pore volume and average
pore width is provided later in this thesis, while the remaining input distributions are
reported in Appendix C. This imbalance is inherent to literature-derived datasets and was
intentionally preserved to ensure representativeness rather than artificial uniformity. As
the present work addresses a regression problem rather than classification, strict
balance across input variables is not a prerequisite. Consequently, model predictions are
expected to be most reliable within densely populated regions of the input space, while

extrapolation toward sparsely sampled extremes should be interpreted with caution.

5.2.2 Data Collection

Once the inputs of the model are defined, the next step is to collect data containing
information about those inputs. As previously mentioned, the data is restricted to
characterisations performed using the GCD technique in a KOH electrolyte for
graphene-related materials. It is important to note that, in the context of supercapacitors,
graphene-related materials refer to the following variations, as defined in ref. [464]:
few-layer graphene (FLG), multi-layer graphene (MLG), graphene oxide (GO), and
reduced graphene oxide (rGO).

Thus, active carbon, amorphous carbon, carbon nanotubes, carbon black and graphene
composites have been excluded. This exclusion is intended to focus on the goal of
understanding what are the relative importances of physicochemical features for the
family of graphene materials. As discussed in the section 1.3.3, current models in the
literature do not seem to address this clearly. For this reason, data gathering focused on
datasets from previous models that include involving graphene materials. After filtering
the initial dataset, which consisted of 673 papers and 1540 datapoints, and based on the
considerations introduced in the previous section related to the electrochemical
technique, material structure, and electrolyte, the final dataset contained 257 datapoints
derived from 23 papers, as individual studies typically reported multiple measurements

under varying experimental conditions.

5.2.3 Data Preprocessing
The dataset has been pre-processed with the goals of improving the quality of the
datapoints and adjusting the outliers to facilitate model training. This was carried out by

first completing the missing values and secondly by identifying and filtering outliers.

Different strategies can be employed to handle missing values in datasets. One of these
involves replacing missing values with zeros. However, this approach can negatively

affect the physical correctness of the model, especially when applied to variables such
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as SSA, pore volume and diameter or Ip/lc. Then, this strategy has been followed only
for the specific case of data related to chemical composition that was missing (mostly
sulphur content). In ref. [298] authors completed the missing I/l values by imputing the
arithmetic mean of the available values. However, as previously stated, this approach
can have negative consequences, especially when comparing the importance of features
relative to each other, as is the intention here. First, the artificial imputation of the mean
for certain instances reduces the variance for that input, thereby affecting the underlying
information provided by other points in the literature are providing and diminishing its
statistical power. Second, it also impacts the relationships between this input and others,
distorting those relationships. Thus, in our case, the presence of lp/lc was a sine qua non
condition for retaining the instance in the dataset; consequently, all entries lacking a
reported or directly extractable Ip/lc value were excluded during the data curation

process.

Most of the missing values in our dataset corresponded to average pore diameters. For
the cases where the pore distribution curves were available in the original publications,
an estimation of this feature was carried out by first extracting the points, then using
Akima interpolation [465] to approximate the curve and finally calculating the area behind
the curve using Simpson’s rule to extract the average pore diameter (Figure C1 shows
a diagram describing the procedure followed). This method was also used to replace the

data where the estimations had been made using the following relationship

p ] 4000 Pore volume Equation 5.1
ore size = . uation 5-
Specific Surface Area q

This relationship is an approximation from Wheeler's theory that assumes a
homogeneous and uniform distribution of cylindrical pores. Such an assumption can lead

to a loss of variance associated with this input variable [466].

The next step involved filtering the data to remove outliers, with a primary focus on
outliers in the input space. Such outliers correspond to regions of low data density or to
isolated studies that are difficult to generalize from, as their influence may reflect study-
specific effects rather than underlying process behaviour. First, a method for defining
outliers is required (e.g., IQR in [295] or Hat indices in ref. [286]). Then, a policy is applied
to exclude these regions (e.g. excluding data outside 1.5 times the IQR), ensuring a more

robust and interpretable model.

To identify outlier publications based on their input characteristics, this work used the

Mahalanobis distance to compare the distributions of input features across studies. Each
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publication was represented by an aggregated and normalized vector of its input
variables, effectively summarizing the relative representation of each feature within that

study.

The code is available here [367]. By computing pairwise Mahalanobis distances between
these vectors, it was possible to assess how similar or dissimilar each paper was relative
to the rest of the dataset, accounting for correlations between features. The average
distance of each paper to all others was then used as a proxy for its representativity
within the sampled input space: studies with consistently high average distances were
identified as statistical outliers in terms of representativity, that is, as statistically isolated
with respect to the bulk of the data. Importantly, this classification does not imply that
such studies are physically incorrect or unrealistic, but rather that they operate in
sparsely sampled regions of the input space. As a result, their inclusion makes it difficult
to distinguish whether observed effects were due to the underlying process or from

study-specific design choices, potentially reducing the model's generalisability.

To the best of my knowledge, this criterion has not been previously applied in the context
of capacitance models or similar ones. However, it is hypothesized that this approach
shows promise for ML models in nanomaterial science, where data is derived from
experimentation. In the field of nanomaterials research, experimental reproducibility is
often complicated by intrinsic variability and statistical noise arising from multiple factors,
including differences in experimental protocols, reagents workflows, human factor and

equipment.

This issue can be even more pronounced in the present context, where a relatively small
dataset is compiled from data originating from multiple laboratories, each introducing its
own unique ‘noise signature’ (as discussed in Section 4.2.4). With this approach, the aim
is to identify a subset of input variables that are relatively homogeneous across data
sources, minimising the influence of laboratory-specific noise and creating a more
controlled and consistent space for model training. Figure 5-1 shows the Mahalanobis
distances calculated between the 23 publications used to build the dataset, together with
the distribution of these distances (see Table C1 in Appendix C for references). The left
panel shows the distribution of pointwise distances across all publications, while the right
panel presents the deviation of each publication’s mean Mahalanobis distance from the
global mean. This figure is important because it quantifies the consistency of each
publication relative to the overall feature distribution. Publications with larger mean
distances tend to report materials or testing conditions that deviate from the majority of

the literature, which may also correlate with different measurement conventions or
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synthesis practices. The analysis therefore provides a data-driven way to identify
potential inter-study heterogeneity, which later helps explain variability in

predictive-model performance.
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Figure 5-1. Left: Mahalanobis distances across publications from which datapoints were extracted to build
the dataset. Right: Deviation of each publication’s mean Mahalanobis distance.

Publications with distributions ranked in the top 10% of Mahalanobis distances, defined
as those exceeding the 90th percentile (indicated by the dark red dashed line in the right
plot of Figure 5-1), were classified as outliers and subsequently removed. This threshold
was selected as a conservative criterion to identify only the most extreme multivariate
observations while retaining the majority of the dataset, thereby minimising the risk of
discarding representative samples. Accordingly, these outliers correspond to
publications’ numbered 7, 10 and 20 in the left plot of Figure 5-1. Their classification as
outliers may be explained by distinct features of the data: for instance, publication no. 20
reports unusually high pore widths (~80 nm compared to an average of ~8 nm across
the other publications), publication no. 10 shows the largest pore volume (164 cm?3-g™
versus an average of ~0.72 cm3-g™"), and publication no. 7 combines one of the lowest
specific surface areas with one of the top three highest pore widths. Following this, a
second filtering step was implemented to identify outliers in the capacitance data.
Specifically, any data points falling outside 1.5 times the interquartile range (IQR) were
classified as outliers. As a result, 1 point was removed from each of the publications 6,
8 and 18; 2 points from both publications 12 and 21; and 4 points from publication? 16. It
should be emphasised that these data points were removed based on a statistical
criterion aimed at improving robustness and representativity, rather than due to any

assessment of their experimental validity

' References [499], [502] and [512] in the bibliography, respectively
2 References [498], [500], [510], [504], [513] and [508] in the bibliography, respectively
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5.2.4 Model Selection

Six models were evaluated using the filtered dataset: Linear Regression, Support Vector
Machine, Decision Tree Regressor, Artificial Neural Network (ANN), Random Forest, and
Gradient Boosting. Optimal hyperparameters were determined using Grid Search K-fold
Cross-Validation with k = 5. The train/validation splits were organized by grouping the
data based on the publications from which each subset was extracted. The reasons for
this grouping are explained below. Except for the ANN model, which was built using
TensorFlow [467] and follows a similar architecture to that in ref. [298], but adapted to

eight inputs, all other models were constructed using the Scikit-learn package [468].

Many of the publications considered in the initial dataset include data from the same
sample evaluated at different current densities. They may also contain samples with
varying physicochemical properties synthesized by the same research group, under a
similar laboratory environment and technical circumstances. A frequent mistake in ML
models for capacitance prediction is treating these subsets as entirely independent
samples during model training. Consequently, models are often trained and evaluated
on instances exhibiting similar ‘group-induced variance’ and/or the same sample
characterized at different current densities is present in both the train/test splits. This
practice can cause model overfitting and undermine statistical robustness and
generalizability. Thus, grouping the data by publication during cross-validation tasks

aims to mitigate these issues and ensure statistical validity.

In addition, a validation metric is proposed in this work, to incorporate variability across

groups during hyperparameter selection (see Equation 5-2 below).

vaMSE = RMSE + AO-RMSE Equation 5-2

vpRMSE stands for variance-penalized RMSE, oy, is the standard deviation of RMSE
across different train/validation splits, and 1 is a weighting factor that controls the
trade-off between overall accuracy and robustness in the optimisation. This metric was
used to select the best hyperparameters for each model using Grid Search. The idea
behind this is to ensure robustness and generalisation power for the model. This term
accounts for the variability of results across different publications during validation and
ensures robustness and generalisation capability. The results presented below

correspond to an optimisation with 1 = 0.5.

Although it is common in ML-based capacitance models to associate good model
performance with an R? value close to one, this approach can be counterproductive,

especially when considering models with a certain degree of specificity and a limited
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dataset size, as it is the case in this study. This is because R? represents the ratio of
variability explained by the model to the total variability in the data. In other words, if the
dataset contains noise, as is the case here with experimental data collected from
different laboratories, a model that fits this noise more closely may yield a higher R?
value. This increases model complexity while limiting its ability to identify general

patterns within the constrained dataset, ultimately promoting overfitting [469].

While information criteria such as the Akaike Information Criterion (AIC) [470] and the
Bayesian Information Criterion (BIC) [471] explicitly penalise model complexity and are
commonly used for parametric model comparison, they were not adopted in this work for
several reasons. First, the primary objective of the present study is not formal model
selection among competing probabilistic models, but the identification of relationships
between physicochemical features and capacitance that generalise across studies, in
line with previous ML studies in this field. In this context, the literature on capacitance
prediction using ML models predominantly relies on error metrics combined with
cross-validation, rather than likelihood-based information criteria, and methodological

consistency was considered important in order to allow comparison with earlier work.

Second, several of the models evaluated in this study, including Random Forests,
Gradient Boosting and Artificial Neural Networks, are non-parametric or
semi-parametric. For these models, the definition of an explicit likelihood function, and
consequently of AIC or BIC, is not straightforward and would require additional
assumptions that are difficult to justify when working with experimental data collected

across multiple publications.

Finally, given the limited size of the dataset and the variability between publications,
model evaluation was deliberately based on cross-validation schemes that separate data
by publication and on performance metrics that assess predictive behaviour on unseen
studies. Within this framework, error metrics derived from cross-validation are more
closely aligned with the objectives of this study than information criteria. Nevertheless,
AIC and BIC may represent useful complementary tools in future work, particularly as
larger and more consistent datasets become available or when the analysis is restricted
to fully parametric models. The performances of the models were assessed using
Leave-One-Publication-Out Cross-Validation (LOPOCV), adhering to the principle of

excluding data from the same publication in both training and testing.

In summary, model selection was performed using a nested cross-validation strategy
that respected publication-based grouping. Specifically, the outer loop used

Leave-One-Publication-Out Cross-Validation (LOPOCYV) across 19 unique publications.
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For each fold, data from one publication was held out entirely for testing, while the
remaining 18 publications formed the training set. Within this training set, the inner loop
applied grouped 5-fold cross-validation (i.e., folds were split by publication) to optimise
hyperparameters. This ensures that, at every stage, no data from the held-out publication
was used in either training or validation, preserving a strict separation between model
selection and evaluation. This structure avoids data leakage and proves a reliable

estimate of model generalisation across unseen publications.

5.3 Results

Figure 5-2 shows the real vs predicted capacitance values for each of the testing folds
during LOPOCYV for the five models. The observed dispersion reflects the combined
effects of inter-publication variability and the Leave-One-Publication-Out
Cross-Validation strategy, rather than a lack of predictive structure. In this context, the
figure is intended to illustrate consistency of predictive behaviour across heterogeneous
studies, while quantitative model comparison is performed using aggregated error

metrics computed consistently across folds.

Table 5-2 summarises the performance metrics of them as its mean * standard
deviations across folds. Both the figure and the table are intended to assess
generalisation across heterogeneous studies rather than pointwise prediction accuracy.
The best RMSE values were achieved by Random Forest, followed by Linear
Regression. The strong performance of Random Forest is consistent with its ensemble
nature, which effectively reduces overfitting by averaging predictions across
decorrelated trees, improving both robustness and accuracy. Linear Regression
performs better than more complex models likely because the dataset relationships are
partially linear, allowing it to capture key trends despite its simplicity. The observed
preference for the linear kernel over the RBF kernel in SVM model during Grid Search
further suggests the partially linear nature of the dataset. However, the overlapping

intervals with other models make definitive conclusions difficult.

Across all models, both RMSE and vp-RMSE values show broadly comparable
performance between test and validation sets, with most differences falling within ranges
of statistical variability. While some models (e.g., Linear Regression, ANN) exhibit slightly

higher validation error than test error in RMSE, this relationship reverses uniformly for
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vp-RMSE, where all models show lower test values than validation. This systematic

pattern likely arises from how the penalty term interacts with the different data

aggregation strategies (single-paper in test versus multi-paper in validation sets).

However, just as with standard RMSE, the overlapping standard deviations in vp-RMSE

suggest that these systematic differences are not statistically significant.
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Figure 5-2. Real versus predicted capacitance values for each testing fold under
Leave-One-Publication-Out Cross-Validation. The dispersion reflects both model error and
inter-publication variability inherent to literature-derived experimental data. The figure illustrates
consistency of predictive behaviour across heterogeneous studies rather than pointwise prediction
accuracy.
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Table 5-2. Summary of performance metrics for the five models during validation and testing.

RMSE

RMSE T MSE vp-RMSE T vp-RMSE
e (S|=/g)est Va'('glzt)w" P (F?g) et VaIic?ationS(Flg)
LinearRegression | 71.70 £ 28.82 | 78.64 + 8.86 9259+3323 | 113.84 %1202
SVM 776823471 | 7234421 98.70 £ 40.83 104.30 £ 5.39
DecisionTree | 8553 22.74 | 79.62£540 | 1105322673 | 11535839
GradientBoosting | 73.17 £ 26.98 | 68.20 = 4.12 93.31%29.78 98.31 % 5.23
ANN 86.10£3533 | 88.65:878 | 111.30£4237 | 12556 11.36
RandomForest | 64.75% 2452 | 64.03 £ 4.48 83.64 £ 26.97 92.29 £ 5.66

At first sight, the magnitude of the prediction errors may appear large. However, these
values must be interpreted in the context of a literature-derived dataset that combines
measurements from multiple laboratories, synthesis routes, and testing protocols. In this
setting, prediction error reflects not only model uncertainty but also experimental
variability that is not encoded in the input features. The consistency between validation
and test errors across models, together with the comparable performance of linear and
non-linear methods, indicates the presence of systematic relationships between the
selected physicochemical descriptors and capacitance, which are masked by significant

inter-study noise. This point is examined in detail in the discussion that follows.

Percentage-based error metrics were not adopted, as they tend to amplify errors at low
capacitance values and are not commonly reported in comparable ML models for
capacitance prediction. Instead, absolute error metrics were preferred, as they allow
direct comparison across models and better reflect the practical uncertainty associated

with predicting capacitance from heterogeneous experimental data.

The higher standard deviations in test metrics (e.g. £28.82 F/g for Linear Regression
RMSE test, £8.86 F/g for RMSE validation) can be attributed to the LOPO strategy used
in the outer loop of nested cross-validation. Since each test fold represents data from a
single paper, inter-paper variability likely amplifies the observed fluctuations. In contrast,
the inner-loop validation metrics (calculated via grouped k-fold CV with multiple papers
per fold) benefit from aggregated data, reducing variability and producing more stable

estimates.

Random Forest achieves the lowest RMSE values in both test (64.75 + 24.52 F/g) and
validation (64.03 + 4.48 F/g). Overfitting was assessed by examining the consistency
between validation and Leave-One-Publication-Out test errors under publication
grouped cross validation, together with the variability of these errors across folds. The

close agreement between validation and test RMSE, combined with a comparatively low
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variance-penalized RMSE, indicates limited overfitting relative to the other non-linear
models. Although the wide test interval reflects sensitivity to inter-paper variability
inherent to literature-derived datasets, it does not correspond to a systematic
degradation in predictive performance on unseen publications. In contrast, Artificial
Neural Networks and Decision Trees exhibit larger dispersion in test RMSE and higher
variance-penalised RMSE values, such as the 28% increase observed for ANN,

indicating stronger sensitivity to data splits and publication-specific biases.

Although the obtained values for Random Forest are higher compared to those from
other models in the literature (Table 1-7), the metrics here have been calculated to truly
reflect the model’s ability to generalise capacitance results, which are assumed to have

publication-induced bias.

To illustrate the effect of ignoring publication-based data grouping, the performance of
the same Random Forest model, with identical hyperparameters (max_depth=4 and
n_estimators=16), was also assessed using a conventional random 80-20% train-test of
the full dataset. The upper subfigure in Figure 5-3 shows the real versus predicted
capacitance values obtained from one such random split, whereas the lower subfigure
corresponds to a second, independently generated random split using the same

procedure.

At first sight, the performance metrics obtained for the first split (RMSE=34.20 F/g and
R?=0.77) appear superior. However, these results are misleading because, when the
data are split randomly without grouping by publication, samples from the same studies
appear in both the training and test sets. This allows the model to partially ‘recognise’

patterns it has already seen, artificially inflating the apparent predictive performance.

Moreover, the comparison between the two subfigures highlights that the resulting
metrics change noticeably when a different random split is used. Although the visual
distribution of the predicted values remains broadly similar in both cases, the variations
in RMSE and R? demonstrate that this approach is highly sensitive to the specific way
the data are partitioned. This limits its reliability when working with literature-derived
datasets. In contrast, the publication-grouped split provides a more rigorous and realistic
evaluation framework, because a model that performs well under this scheme is more

likely to generalise to entirely new studies.

Figure 5-4 shows the SHAP (SHapley Additive exPlanations) summary plot, based on
the Random Forest Regressor trained with the whole dataset. SHAP is an additive
feature attribution method grounded in cooperative game theory, where each input

feature is treated as a ‘player’ contributing to the model prediction. For a given instance,
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SHAP computes feature contributions by averaging their marginal impact on the
prediction over all possible feature combinations, resulting in a locally accurate and

consistent decomposition of the model output.
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Figure 5-3. Real versus predicted capacitance values for the Random Forest model evaluated using two
different random 80-20% train-test splits of the full dataset. Although the visual distributions appear
similar, the resulting performance metrics differ, reflecting sensitivity to data partitioning.

Unlike traditional global sensitivity analysis, which quantifies average input-output
relationships across the entire dataset, SHAP provides instance-level explanations
that can be aggregated to obtain global feature importance while accounting for
feature interactions [472]. In this study, SHAP was used to interpret the output of the
ML model by assigning importance values to each feature, and the TreeExplainer
algorithm was employed due to its computational efficiency and suitability for tree-
based models such as Random Forests [473].
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Figure 5-4. Summary plot of SHAP values demonstrating the influence of features on the Random
Forest Regressor model.

In the summary plot, the features are ranked vertically by their overall importance, with
the most important feature at the top. This importance is calculated as the mean
absolute value of the SHAP values for each feature across all instances. A SHAP
value represents the marginal contribution of a given feature to the model prediction
for a specific instance, computed by evaluating its contribution under all possible
feature combinations. Each point on the plot represents a SHAP value for a specific
feature and a specific instance. The x-axis shows the SHAP value, which indicates
how much the feature contributed to pushing the model's output higher or lower for
that instance. As extracted from the lateral colour bar, the colour of each point
represents the value of the feature for that instance. Thus, among all the
physicochemical characteristics of reduced graphene oxide, nitrogen content is the
most important according to this analysis, with high values of it as the main driver to
increase graphene’s capacitance, followed by average pore width, oxygen level, Ip/lg,

SSA, pore volume, and sulphur content.

Since feature importance is an intrinsic property of the model rather than an external
performance metric, it is evaluated using the entire dataset. To ensure stability despite
the randomness inherent of Random Forests, which is controlled by the random_state
hyperparameter, the results report the average SHAP values over 100 independently
trained models, each initialised using a different random_state, to stabilize feature
importance across different model initialisations. Figure 5-5 illustrates the mean
absolute differences between consecutive cumulative means of the SHAP values for
all features as the number of training iterations increases. The rapid decrease in these

differences during the initial iterations indicates that feature importance estimates are
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highly sensitive when based on only a few model realisations. As the number of
iterations increases, the differences progressively approach zero, demonstrating
convergence of the SHAP values and stability of the feature importance rankings. The
near-zero differences observed beyond approximately 40-50 iterations confirm that
averaging over 100 trainings provides robust and reproducible SHAP-based feature
importance.

Stability of SHAP Values Across Iterations
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Figure 5-5. Mean Absolute Differences between consecutive cumulative means of the SHAP values for all
the features after 100 iterations.

5.3.1 Physical Correctness Assessment

The dominant influence of nitrogen over other physiochemical features such as average
pore size, oxygen or SSA, as identified by the SHAP analysis, aligns with findings from
publications not included in the dataset, supporting the reliability of the model. Sliwak et
al.[474] compared the capacitance of non-doped reduced graphene oxide electrodes
with 16.2 O at.% and SSA of 530 m?-g™", with a nitrogen-doped (N-doped) counterpart
with 9.4 O at.%, 13.4 N at.% and an SSA of 354 m?-g™", and using a three electrode
configuration and 6 M KOH electrolyte. The N-doped sample, despite having lower SSA
and oxygen content, exhibited almost 50% higher capacitance at 20 A-g”' and
experienced 21% less decay in capacitance after 5000 cycles. This effect was also
observed in other electrolytes. For instance, Li et al.[475] showed that in 1M TEABF4
N-doped samples with 677 m?-g™' reached more than 30% higher capacitance than non-
doped counterparts which have a surface area of 763 m?-g™'. Moreover, the N-doped
samples showed a lower average pore diameter, which is consistent with the SHAP
analysis indicating that lower pore diameters contribute positively to the predicted

capacitance.
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The SHAP analysis ranks current density as the second most influential variable, with
predominantly negative SHAP values indicating a systematic decrease in predicted
capacitance as current density increases. This model-derived trend is well supported by
experimental evidence reported in the literature, where reduced capacitance at high
current densities is commonly attributed to ion diffusion limitations within the porous

structure of graphene-based electrodes [476-480].

The average pore width is, after the current density, the following feature in order of
importance in our model. Figure 5-6 shows the distributions of average pore width (top)
and total pore volume (bottom) across the dataset, together with key descriptive
statistics. The ranges of pore widths in the data span from approximately 0.5 nm to 30
nm. However, the mean, median and mode are 7.57 nm, 4.01 nm and 3.42 nm,
respectively, indicating that most samples are concentrated toward the lower end of the
range. . This indicates that the dataset is predominantly composed of graphene samples
with small average pore sizes, highlighting a prevalence of microporous and small-sized
mesoporous structures over larger mesoporous and macroporous structures. Additional
feature distributions are provided in Figure C2.In comparison to the summary plot, the
SHAP dependence plot zooms in on a single feature to show how its values influence
the model output. Figure 5-7 displays the SHAP values as a function of the average pore
width (x-axis), while the colour scale represents a second interacting feature. It is
important to note that this figure is fully derived from the SHAP analysis of the trained
model and does not represent an independent correlation or regression, but rather the

internal logic of the model.

The trend observed in the dependence plot suggests the importance of an optimal
hierarchically distributed porous structure for maximising capacitance. At very low pore
widths (<2 nm), the SHAP contributions are generally positive, confirming the beneficial
role of micropores, which provide the highest capacitance contribution per unit mass.
However, the largest positive SHAP values are not associated with the smallest widths.
Instead, the largest positive SHAP values appear around ~2.5 nm, a region that
corresponds to the highest pore volume (as indicated by the colour scale). Above this
maximum, in the range between ~2.5 and 5 nm, the SHAP values remain relatively high,
even though the pore volume is lower, which may indicate that mesopores in this range
improve electrolyte accessibility to micropores. For average pore widths larger than ~5
nm, the SHAP values progressively become negative, indicating that larger mesopores
and macropores contribute less favourably, possibly due to the reduced proportion of

micropores, which offer the highest charge storage per unit mass. Within the apparent
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optimal range (~2.5-5 nm), a wide spread of SHAP contributions is observed, from near

zero up to almost 20 F-g™.

These trends, identified by the model directly from experimental data, are consistent with
previous ML studies (refs. [284] and [285]), which report that excessively high micropore
surface area can have a detrimental effect on capacitance. They also align with
independent experimental findings showing that the highest capacitance is achieved
when there is a compromise between maximising the presence of small pores and
maintaining efficient ion transport [476,478,481—-483].

Although the SHAP dependence plot suggests a physically meaningful trend, the
interpretation of the average pore width feature must still be made with caution. The
apparent influence of pore width on capacitance is likely to be context-dependent,
because this feature compresses the entire pore-size distribution into a single scalar
value. As a result, materials with completely different distribution shapes may share a
similar average pore width while exhibiting very different electrochemical behaviour. This

limits the extent to which clear design rules can be derived solely from this feature.

For similar reasons, it is also difficult to extract a simple monotonic trend from the SHAP
dependence plot for pore volume. The pore-volume distribution is strongly right-skewed
(Figure 5-6), with the majority of samples lying between approximately 0.1 and 0.8
cm3-g'. Within this statistically well-represented range, the SHAP values are generally
small and predominantly negative (Figure 5-8), indicating that increasing pore volume
typically leads to a slight decrease in the predicted capacitance. This suggests that, for
most materials in the dataset, creating additional pore volume does not translate into
improved electrochemical performance. A plausible explanation is that a higher pore
volume fraction may be accompanied by a reduction in framework density and electrical
connectivity, or by the development of larger pores that provide less surface area per
unit mass. As a result, the double-layer capacitance normalised by mass decreases

compared with structures dominated by smaller pores.

Large positive SHAP values are mainly observed at the extremes of the pore-volume
distribution (very low or very high pore volume), but these regions are sparsely populated

and should therefore be interpreted with caution.
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Figure 5-6. Distributions of Average pore width (top) and Pore volume (bottom) with key metrics.
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Notably, the strongly positive SHAP contributions tend to coincide with samples
containing elevated nitrogen or oxygen contents, as indicated by the colour-coded
dependence plots. This suggests that pore volume becomes beneficial primarily when
coupled with a high density of surface functional groups, which can enhance wettability
and introduce additional faradaic or pseudocapacitive contributions. Therefore, pore
volume alone is not a dominant predictor of performance; its effect is strongly modulated

by surface chemistry and functional-group concentration.

In respect to oxygen, while in some cases low oxygen levels strongly reduce the
capacitance, in others, low oxygen content is associated with positive SHAP values
(Figure 5-4). The accumulation of red points at the centre of the x-axis of Figure 5-4 for
this feature reveals neutral contribution to the capacitance (neither positive nor negative)
when it achieves high levels (~20 O at.%). Intermediate oxygen levels (purple points) are
concentrated at positive SHAP values. This behaviour suggests that the role of oxygen
in determining capacitance is strongly context-dependent and influenced by other

features, such as nitrogen content or structural properties.

This context dependence is further highlighted in Figure 5-9, which shows the SHAP
dependence plot of oxygen content with colour indicating nitrogen. Oxygen levels that
coincide with high nitrogen contents exhibit clearly positive SHAP values and are

therefore beneficial to capacitance.

The work from Yu et al. [484], which was not included in the dataset used to train our
model, emphasises the importance of the context in respect to the contribution of oxygen
to the capacitance in reduced graphene oxide. Samples named NG2 with 8.56 N at.%,
12.88 O at.% achieved approximately 45% and 115% higher capacitance at 1 A-g™" and
20 A-g”', respectively, than NG3 samples with 2.11 N at.%, 17.45 O at.%.
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Figure 5-9. SHAP Dependence Plot for 0% vs N%.

On the other hand, NG3 outperformed other samples prepared following a distinct
functionalisation route, which yielded less oxygen content. Concretely, they showed 40%
higher capacitance at 1 A-g”' compared to the less-oxidised samples (NGU), which have
11.8 N at.% and 8.21 O at.%. While quantitative information about the structure of the
materials was not provided, the authors highlighted the importance of its loose structure
to explain the superior performance NG2 samples. This is an example that less oxygen
can be comparatively better or worse, depending on the values of other features such

as nitrogen or structure features like pore size or specific surface area.

The work of Morimoto et al. [485], also not included in the dataset used to train the
present model, provides an experimental illustration of this effect but in this case related
to the specific surface area. In this work, graphene oxide samples with different oxygen
levels were synthesised following two routes: controlled-oxidation of graphite (0GO) and
controlled reduction of highly oxidised graphene oxides (rGO). The latter samples
showed superior surface area in a wide oxygen range, from ~15 O at.% to ~50 O at.%.
They also showed much higher capacitance for oxygen levels between 10 at.% to 35
at.%, with a peak at 25 at.%.

Figure 5-10 shows the SHAP dependence plot for SSA, with oxygen content encoded in
colour. Despite the fact that the data from ref. [485] were not included in our dataset, the
linear relationship observed in Figure 5-10 is consistent with the trends reported by
Morimoto et al. over a wide oxygen range. The existence of a peak at 25 O at.% supports
the conclusion that intermediate oxygen levels are optimal to achieve higher capacitance
values, compatible with the insights of our model. The poor performance at higher
oxygen levels may be due too high charge transfer resistance coming from the low

conductivity of the samples, evidenced in the electrical conductivity vs oxygen level plot.

178



H
. 16
10 ;! { .
. ' ’ 1
s | . : b
L 5 . [ . -12
3 1 v ¢ ! : G
@ % o DR B L1 ™
= . o]
o 0 - ] (]
<L . T ERL .
T g . . 8
] -
. L 1] '. L ]
_ 5
51 ¢ 08 Ty
. l - :
| ] H t . -4
0 500 1000 1500 2000 2500

Specific Surface Area (m2/g)
Figure 5-10. SHAP dependence plot of SSA, with colour indicating oxygen values.

Gadipelli et al. [411] studied the influence of the initial oxygen content in graphene oxide
precursors on the capacitance of rGO samples that were reduced in a preheated vertical
tube furnace at 300°C for 2-5 min (EG-named samples). The study also shows the
influence of a graphitisation treatment consisting of an annealing for 6h in a horizontal
tube furnace under nitrogen gas flow at different temperatures between 400 and 1100°C
(GEG-samples). After the first reduction step, the samples coming from graphene oxides
with different oxygen levels from 34 to 27 at.% resulted in samples with oxygen levels

close to ~12 at.%.

While the differences in oxygen levels across samples were not very large (ranging from
11.131£0.2 at.% to 13.66+0.4 at.%), samples derived from precursors with the highest
initial oxygen content exhibited a 200% increase in surface area compared to those from
lower-oxygen precursors. Thus, in these samples, the higher capacitance may be
attributed to the combination of moderately higher oxygen content and a much larger
surface area. Previous studies [481-483,486] have reported the influence of initial
oxygen content on the final SSA of reduced graphene oxide samples subjected to rapid

thermal shocking.

In ref. [411] the sample named EG5 exhibited ~10% lower oxygen content than EG4 but
~10% higher capacitance, likely due to its lower pseudocapacitance being compensated
by a higher EDLC, as it has almost 20% greater surface area. After further annealing
steps, which transformed the mildly reduced samples into moderately (~8 at.%) and
highly reduced ones (~2.5 at.%), a threefold decrease in capacitance was observed,
demonstrating a dominant effect of the oxygen on capacitance. As stated by the authors,
aside from the contribution of oxygen functionalities to pseudocapacitance, they can also
enhance hydrophilicity/wettability and electrolyte ion adsorption, improving charge

storage. However, they also noted that excessively high oxygen concentrations could be
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detrimental due to increased charge transfer resistance, resulting from the poor

conductivity of sp3-type graphene carbon components in oxidised species.

According to our model, the SHAP dependence plot for Specific Surface Area (SSA)
reveals two distinct positive linear trends: an initial sharp increase in SHAP values for
SSA below ~200 m?-g”, strongly associated with high oxygen content, and a more
gradual positive trend at higher SSA values. This suggests that oxygen-rich materials
can achieve high capacitance even with modest surface areas likely due to
pseudocapacitive contributions from redox-active oxygen functionalities, compensating
limited contributions from surface-driven EDLC (Figure 5-10). A similar trend was also
reported in ref. [411] where mildly reduced (~8 O at.%) and highly reduced (~2.5 O at.%)
samples exhibited a positive monotonic relationship between SSA and capacitance. This
observation further supports the context-dependent role of oxygen and is consistent with

the behaviour captured by our SHAP model.

Figure 5-11 presents a Spearman correlation matrix, which provides a global,
model-agnostic assessment of monotonic pairwise relationships between the input
features and capacitance. The Spearman coefficient (p) measures the strength and
direction of rank-based associations, but it does not account for nonlinear effects or
interactions between variables. The results show that nitrogen content exhibits the
strongest positive correlation with capacitance (p = 0.42), in agreement with the SHAP
analysis, which identified nitrogen as the most influential feature with a predominantly
positive contribution. Similarly, current density shows a moderate negative correlation
with capacitance (p = —0.33), consistent with the negative SHAP contributions observed

across the dataset.

In contrast, several structural and textural features, such as specific surface area, pore
volume, and average pore width, display weak direct Spearman correlations with

capacitance, despite being identified as important contributors by the SHAP analysis.

This apparent discrepancy arises because SHAP captures multivariate and
context-dependent effects, including feature interactions and nonlinearities, which are
not accessible through pairwise correlation analysis. For instance, oxygen content shows
a strong negative correlation with both SSA and pore volume, indicating that oxygen
indirectly influences capacitance through its effect on textural properties. This suggests
that more extensive reduction events, which are associated with lower final oxygen
levels, may promote an increase in pore presence and SSA during the synthesis of

reduced graphene oxide.
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Figure 5-11. Spearman correlation matrix showing relationships between model features and capacitance.

While our dataset does not allow for a direct comparison of precursor compositions
across studies and considering the specific influence of the thermal shocking treatment
in previous findings [481-483,486], our results suggest that lower final oxygen content,
potentially indicative of more extensive oxygen reduction events, also correlates with
increased SSA, indicating a possible connection between these features in graphene

materials.

These interaction-driven relationships are reflected in the SHAP dependence plots but
are not fully revealed by Spearman correlation alone. Overall, the consistency in key
trends, particularly the dominant role of nitrogen and the negative influence of current
density, combined with the complementary insights provided by SHAP and Spearman
analyses, reinforces the robustness of the structure-property relationships identified in

this work.

Figure 5-12 shows the SHAP dependence of the Ip/lg ratio on capacitance, together with
its interaction with nitrogen, oxygen, and sulphur content. In general, Ip/l ratios below 1
are associated with negative or near-zero SHAP values, indicating little or detrimental
contribution to capacitance. Most values between 1.1 and 1.3 have positive SHAP
values, and it is within this region where this feature has the maximum contribution to
the capacitance. A higher Io/lc means higher presence of defects, which can be related

to holes in the basal plane and/or doping elements.
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Figure 5-12. SHAP Dependence Plots for Ip/ls ratio vs. N, O, and S content (top, middle and bottom,
respectively).

Both facts can contribute positively to the capacitance, which may explain the more
abundant presence of positive values in this region. In fact, as extracted from the three
subplots of Figure 5-12, this region of Ip/lc corresponds to reduced graphene oxide

with high levels either of nitrogen, sulphur and/or oxygen, suggesting the influence of
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the chemical composition on the effect of the Raman peak ratio to the capacitance. In
fact, top SHAP values come when one of the elements has high value (relative to its
distribution, indicated by red dots) while the other two have medium values (purple
dots).

Lowest Ip/lc SHAP values match with low sulphur content, as expected from the
positive and strong Spearman correlation between these two features (Figure 5-11).
The outlier points in the Ip/l¢ distribution located at ratios around 3.5, with SHAP values
close to zero, suggest that the positive effect of doping may be hindered by the too
defective structure, that can compromise electron conductivity [316].

Finally, the summary plot of SHAP values shows that sulphur is the least influential
feature; however, the model presented in this work reveals a general positive
contribution which reaches its maximum at around 1.2 at.%, as illustrated in Figure
5-13, which represents the SHAP dependence of capacitance on sulphur content. The
positive impact of sulphur groups on capacitance has been studied in several works
[487—-490] and stated in previous ML models for capacitance [286,303,304]. These
studies attribute the positive contribution to the role of sulphur groups in enhancing
pseudocapacitance and electrical conductivity. While the model developed here
indicates a positive contribution from sulphur, the limited representation of
sulphur-doped graphene in the dataset (25%) may lead to an underestimation of its

relative importance compared to other physicochemical features.
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Figure 5-13. SHAP dependence plot of S%, with colour indicating Specific Surface Area values.

5.3.2 Comparative Evaluation of GP and RF Predictions
A final comparative evaluation between the two models developed in this thesis is
presented. To this end, the physicochemical properties of a subset of the samples

synthesised in Chapter 4 were characterised. Table 5-3 summarises the
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physicochemical characterisation of the selected samples. Both nitrogen and sulphur
contents were consistently negligible across all samples and were accordingly

represented as zero in the RF model inputs.

It is important to note that the purpose of this comparison is not to evaluate model
performance in terms of statistical testing metrics (e.g. R?), which have already been
established separately for each model. The GP model was validated using leave-one-out
cross-validation on experimental data in Chapter 4 (Figure 4-13), while the RF model
performance was assessed in terms of RMSE and vp-RMSE in Table 5-2. Figure 5-14
compares the capacitance values experimentally measured in Setup 1 and 2 with the
predictions obtained from the GP and RF models for the rGO samples listed in Table
5-3. The dashed line indicates perfect agreement between prediction and experiment,
and error bars represent the 95% confidence interval of the GP model. For clarity, each
sample is assigned a distinct symbol in Table 5-3, and the same symbol are used in

Figure 5-14 to represent the corresponding samples.

Table 5-3. Physicochemical characterisation of selected rGO samples.

. Pore Average
Symbol Tempoec;'ature Tlhme sz Io/le 0% volume pore wi%th

(°C) (h) (m®/g) (cm¥lg) (nm)
@ 80 0.5 100 1.24 | 27.66 0.18 7.51
[ | 65 2 119 1.15 28.13 0.23 7.53
A 72 0.8 150 1.04 36.2 0.22 5.99
% 72 0.8 127 1.07 33.83 0.2 6.28
e o 80 0.5 182 1.10 36 0.31 6.98

Note: N% and S% were negligible in all samples and are therefore not reported in the table.

Notably, the experimentally characterised samples shown in Figure 5-14 lie outside the
RF training domain. Consequently, this comparison illustrates model behaviour under

extrapolative conditions rather than test-set predictive performance.

As already established in Chapter 4, the GP predictions align closely with the
experimental data, with all measurements falling within the model's estimated
uncertainty. This behaviour is expected, as the GP was trained directly on experimental
data generated under the same synthesis conditions and measurement protocols, and

is therefore operating within the domain covered by the training data.

In contrast, the RF model was trained exclusively on literature-derived data from different
synthesis routes, characterisation methodologies, and experimental conditions. When
applied to the samples synthesised in this work, the RF is consequently forced to
extrapolate well beyond its training domain. As a result, the RF consistently
overestimates capacitance, yielding only two prediction values: 163.92 F/g for the

sample represented by a triangle, and 152.38 F/g for the remaining samples. Relative to
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the experimental values, this corresponds to an overestimation ranging from 45.58 F/g
(best case, setup 1 for the circle sample) up to 69.29 F/g (worst case, setup 2 for the

triangle sample).
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Figure 5-14. Comparison between experimentally measured capacitance values (Setups 1 and 2) and
predictions obtained from the Gaussian Process (GP) and Random Forest (RF) models for selected rGO
samples described in Table 5-3. Symbols (®, B, A, %, +) uniquely identify individual samples listed in Table
5-3 and are used consistently across the table and figure. Error bars on the GP predictions represent the
95% confidence intervals. The dashed line indicates ideal agreement between predicted and measured
capacitance.

Several factors contribute to this discrepancy. First, uncertainties inherent to
physicochemical characterisation (e.g., spatial variability within a single sample,
instrument bias, handling-induced variability during sample preparation) were not
quantified in this work but may affect the inputs of the RF. More importantly, these
samples are statistical outliers relative to the dataset used for training. The Mahalanobis
distance between the data from this work and the literature-based dataset is 4.82 (see
Figure 5-15 below), confirming that the RF predictions are obtained under extrapolative

conditions, which is a known limitation of tree-based methods [491].

Consequently, this comparison does not constitute a meaningful test-set evaluation of
the RF in terms of R? but rather illustrates its behaviour beyond the range of the training
data. This may explain the systematic overestimation observed. Nevertheless, the

magnitude of error remains consistent with the performance metrics previously
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established for the RF (RMSE 64.75 + 24.52 F/g, Table 5-2), underscoring the

importance of robust error quantification, a central theme of this chapter.

Although uncertainty estimates can be derived for Random Forest models (e.g., from
ensemble variance), they were not included here, as the RF operates in a pronounced
out-of-distribution regime for the experimental samples considered. Under such
conditions, RF-based uncertainty is known to be poorly calibrated and not directly
comparable to the probabilistic uncertainty provided by Gaussian Process models
[348,492]. The integration of uncertainty-aware RF approaches is therefore deferred to

future work.
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Figure 5-15. Left: Mahalanobis distances across publications from which datapoints were extracted to build
the dataset, together with the datapoints from Table 5-3 corresponding to the experimental work described
in Chapter 4. Right: Deviation of each publication’s mean Mahalanobis distance.

Despite its limited accuracy, the RF provides valuable qualitative insights. In contrast to
the GP, it correctly identifies the superior performance of the triangular sample, which
also exhibited the highest capacitance in both experimental setups. This sample
combines the highest oxygen content with one of the smallest pore diameters and a
relatively high surface area. This feature profile aligns with the tendencies highlighted by

the SHAP analysis (Figure 5-4) as beneficial for capacitance.

To complement the physicochemical data, SEM imaging was used to gain morphological
insights that may help explain the observed capacitance trends. Figure 5-16 presents
representative SEM micrographs of the circle and triangle samples. The circle sample
appears to form a compact and highly agglomerated structure, where the reduced
graphene oxide sheets seem densely restacked and few interlaminar voids are visible.
This morphology would be expected to limit accessible surface area and ion diffusion. In
contrast, the triangle sample exhibits a more open and wrinkled sheet-like structure with
interconnected voids, which might provide increased edge exposure and pathways for

electrolyte penetration.
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Taken together, the complementary roles of the two models can be summarised as
follows: the GP offers robust and uncertainty-aware predictions of capacitance as a
function of synthesis parameters within the constraints of the pilot-scale conditions, while
the RF provides a broader, more interpretable mapping between physicochemical
features and performance, albeit with reduced precision. In combination, these
approaches yield a coherent framework for guiding the design of rGO-based

supercapacitor electrodes in an industrially scalable context.

Figure 5-16. Representative SEM micrographs of the circle and triangle samples at three magnifications.
(a-c) Circle sample. (d-f) Triangle sample.

5.4 Conclusions and Future Work

This study addresses the complex interplay between physicochemical properties and
electrochemical capacitance in reduced graphene oxide (rGO). The findings underscore
the context-dependent contribution of key features like oxygen content, surface area,

and pore structure to the capacitance of rGO samples.

The differential character of this ML model-building approach lies in the meticulous steps
to ensure physical correctness and avoid overfitting. This was achieved by confining the
model definition strictly to graphene and its derivatives using KOH and GCD
measurements. The data preprocessing stage involved eliminating instances lacking key

features like SSA or Ip/lg ratio and accurately imputing missing values through methods
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like Akima interpolation for pore distribution data or zero-filling solely for compositional

features.

Moreover, overfitting was avoided through rigorous outlier definition using the
Mahalanobis distance for paper outlier identification, Leave-One-Paper-Out Cross
Validation (CV) and utilising vp-RMSE during training. Additionally, the assessment of
physical correctness was accomplished by aligning the model’s conclusions with insights
gleaned from papers not included in the datasets, further validating the model's reliability
and the general conclusions observed. A comparative analysis with experimental
samples synthesised in this work further reinforced these insights. The GP model
delivered uncertainty-aware predictions closely matching experimental capacitance,
while the RF highlighted structure-performance trends but systematically overestimated
values due to extrapolation limitations. Together, they illustrate the trade-off between

predictive precision and interpretability.

In summary, the results highlight the key influence of nitrogen, SSA, and oxygen on the
capacitance of reduced graphene oxide (rGO). Nitrogen content emerged as the most
important factor, aligning with previous studies, and demonstrating a strong impact on
capacitance. SSA was shown to have a positive monotonic relationship with capacitance,
while average pore width exhibited a context-dependent influence, with an optimal range
identified between 2.5 nm and 5 nm. Oxygen content's contribution was found to be
variable, influenced by interactions with other features. The analysis also confirmed the
importance of maintaining a hierarchically distributed porous structure for effective ion
transport. Additionally, the presence of sulphur, although less influential, was positively
correlated with enhanced pseudocapacitance and electrical conductivity. Overall, these
findings align with previous studies and validate the robustness of the methodologies,

reinforcing the reliability of the model presented here.

This study opens several promising research directions to enhance the predictive
modelling of rGO supercapacitors. First, expanding the target properties to include
volumetric capacitance and cycle-life retention would better address real-world device
constraints where electrode density and durability are as a critical as specific
capacitance. Second, extending the modelling framework to alternative electrolytes,
such as organic solvents or ionic liquids, could uncover new design principles for

non-aqueous systems while testing the universality of the identified pore-size optima.

To strengthen real-world relevance, future work could integrate experimental validation
with model predictions to establish guidelines for material design, such as optimising

pore-size distributions or surface functionalisation. The methodology could also be

188



adapted to directly predict final material properties from synthesis conditions by training
surrogate models that map controllable synthesis parameters (e.g., temperature, time,
activating agent ratio, electrolyte and measurement setup) directly to electrochemical
performance. In such a framework, physicochemical descriptors would be treated as
latent variables implicitly learned by the model, with uncertainty-aware approaches such
as Gaussian Processes providing confidence bounds to identify regimes where
additional characterisation or data acquisition is required. This approach is particularly
valuable for rapid material screening and process optimisation, provided sufficient data
is available. Additionally, addressing current limitation in the model through larger
datasets (to reduce variability) and feature engineering (to test linearity assumptions or
identify hidden descriptors) would improve model robustness. Future work should also
build on the comparative GP-RF evaluation presented here, expanding the dual-model
framework to integrate uncertainty quantification with interpretable feature mapping.
Incorporating this hybrid approach in future experimental campaigns could provide both
reliable prediction and design guidance, thereby accelerating scalable rGO
supercapacitor electrodes. Finally, the methodology’s transferability to other
electrochemical systems such as catalyst for ORR or CO, capture could be explored,

leveraging shared principles in structure-property relationships.
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6 Conclusions and Future Work

6.1 Conclusions

This thesis demonstrates that, in data-limited experimental settings, accelerating the
development of graphene-based materials for electrochemical energy applications
requires not only the use of machine learning models, but the ability to embed physical
understanding, uncertainty quantification, and experimental constraints directly into the
modelling framework. Using reduced graphene oxide as a model system and
capacitance as performance metric, the work combines sustainable material choices
such as the use of industrial byproducts and non-toxic reducing agents, with physically

informed machine learning to enable reproducible and data-efficient optimisation.

A key conclusion is that under data scarcity, experimental noise becomes a dominant
factor limiting the reliability of data-driven optimisation. Electrochemical techniques were
shown to differ significantly in their sensitivity to experimental variability, with
high-uncertainty measurements severely constraining the effectiveness of machine
learning approaches when datasets are small. By identifying and selecting robust
performance metrics, this thesis established a reliable experimental foundation for

probabilistic modelling in low-data regimes.

Building on this foundation, a physics-informed Gaussian Process framework was
developed in which experimentally measured noise and physically meaningful
constraints were explicitly incorporated. When combined with Bayesian Optimisation,
this approach enabled efficient exploration of scalability-constrained synthesis
parameter spaces, while maintaining predictive accuracy across multiple laboratories
through a physics-informed kernel and noise model that explicitly captured

inter-laboratory variability

Although graphene-based materials served as the primary case study, the main
contribution of this work is methodological rather than material-specific. The proposed
framework is transferable to other electrochemical and materials synthesis systems
where datasets are small, experimental variability is high, and scalability and
sustainability are key considerations. By reducing experimental waste, incorporating
environmentally benign synthesis routes, and providing uncertainty-aware guidance, this
work establishes a reproducible and physically grounded machine learning methodology

that supports sustainable materials discovery for energy-related applications.

The following sections summarise the main conclusions drawn from Chapters 3 to 5,

covering experimental uncertainty analysis, Bayesian optimisation of reduced graphene
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oxide capacitance using a physics-informed Gaussian Process framework, and the

development of physically informed machine learning models under data scarcity.

6.1.1 Electrochemical Characterisation and Associated Uncertainty in
Kish and Reduced Graphene Oxide

Electrochemical characterisation of graphene-based materials highlights the critical
importance of understanding and quantifying experimental uncertainty. In oxygen
reduction reaction (ORR) studies conducted using rotating disk electrode (RDE)
techniques, considerable variability was observed, with coefficients of variation (CoV)
ranging from 1 percent to 129 percent. This variability was largely attributed to subtle
inconsistencies in film deposition, ink formulation, and drying conditions, which impacted
reproducibility even under controlled protocols. Such high sensitivity to minor changes

limits the practicality of RDE for optimisation studies without extensive replication.

In contrast, capacitance measurements using galvanostatic charge-discharge (GCD)
testing showed much lower variability, with CoV values generally between 1 and 7
percent. This robustness against sample-to-sample differences, even when variability
was intentionally introduced, suggests that GCD testing offers more stable and

reproducible performance metrics.

This lower level of uncertainty was a key factor in selecting GCD-based capacitance
testing as the foundation for subsequent machine learning-guided optimisation. Given
the constrained experimental budget, techniques with higher uncertainty such as RDE
would require a much larger number of tests to draw meaningful conclusions. Therefore,
the relatively consistent behaviour of GCD measurements provided a practical and
statistically justifiable basis for integrating data-driven approaches in material

optimisation workflows.

6.1.2 Bayesian Optimisation of Reduced Graphene Oxide Capacitance
using Grey-Box Gaussian Processes

A physics-informed Gaussian Process model was developed to guide the synthesis of
reduced graphene oxide with improved capacitance, using ascorbic acid as a non-toxic
and scalable reducing agent. The model incorporated experimentally determined noise
to account for variability introduced during reduction, electrode fabrication, and
electrochemical testing. Bayesian Optimisation was used to explore the synthesis space

efficiently, reducing the number of experimental trials required.

Leave-One-Out Cross-Validation confirmed strong predictive performance, with all
capacitance values falling within a 95 percent confidence interval. The observed

capacitance remained relatively stable between 100 and 110 F/g over the tested
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synthesis window, indicating that time and temperature alone have a weak influence on
capacitance within the selected range. Electrochemical measurements using Nyquist

plots and cyclic voltammetry supported the pseudocapacitive nature of the material.

To improve generalizability, a second dataset collected under different experimental
conditions was integrated by extending the noise model and kernel structure to capture
systematic setup-specific variations. The Gaussian Process maintained accuracy
despite this added complexity. These results demonstrate the value of combining ML
with domain-specific physical insights to enhance reproducibility and control in materials
synthesis, offering a data-efficient and scalable strategy for optimizing the performance

of electrode materials for energy storage applications.

6.1.3 Modelling Graphene Capacitance with Physics-Informed ML under
Data Scarcity

The development of a machine learning model for predicting the capacitance of reduced
graphene oxide (rGO) has demonstrated that careful model design can bridge the gap
between statistical performance and physical relevance. By focusing exclusively on
graphene-based materials characterized with KOH electrolyte and galvanostatic charge-
discharge methods, the study achieved domain-specific consistency and minimised
structural variability. Data preparation was carried out with high attention to scientific
integrity, including targeted imputation techniques and the exclusion of entries missing

critical features such as surface area or structural disorder indicators.

A distinct emphasis was placed on avoiding overfitting through Leave-One-Paper-Out
cross-validation and the use of Mahalanobis distances for identifying literature-based
outliers. The training process was further refined using a custom metric that penalized
variability in prediction error across references, enhancing both the stability and
generalizability of the model. Importantly, model predictions were validated against
external literature not included in the training dataset, confirming their physical

plausibility.

Key findings highlight nitrogen content, surface area, and pore structure as the dominant
features influencing capacitance. Nitrogen doping showed the strongest positive effect,
while specific surface area exhibited a clear monotonic relationship. Pore size distribution
revealed a performance optimum between 2.5 and 5 nm, reinforcing the role of
hierarchical porosity in facilitating effective ion transport and charge storage. A
comparative evaluation with experimental samples further highlighted the
complementary roles of the models developed in this thesis: the GP offered reliable,

uncertainty-aware predictions in line with measured capacitances, while the RF provided
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interpretable feature-performance mappings despite systematic overestimation. This
dual perspective demonstrate how combining models can balance predictive accuracy

with physical insight.

6.2 Future Work
6.2.1 Electrochemical Characterisation and Associated Uncertainty in
Kish and Reduced Graphene Oxide

The high variability observed in ORR experiments suggests that further investigation is
needed into the physical and procedural factors that influence electrode performance.
Quantitative morphological characterisation using scanning electron microscopy (SEM),
atomic force microscopy (AFM), or surface profilometry should be employed to better
understand how differences in film structure and uniformity correlate with
electrochemical behaviour. Such analysis would provide clearer insight into how subtle

changes during fabrication impact performance.

Automating key steps in electrode preparation, such as ink deposition and drying, could
lead to more consistent results by minimising operator influence. Robotic systems or
programmable dispensers offer the potential for standardizing processes across
laboratories, improving reproducibility, and enabling more reliable benchmarking of new

materials.

From a data analysis perspective, incorporating statistical models that treat performance
as a distribution rather than a fixed value would lead to more robust conclusions.
Bayesian methods, in particular, are well suited to managing noisy experimental data

and can help inform optimisation strategies that are tolerant of uncertainty.

Given the observed reliability of GCD techniques, future studies should consider
adopting GCD as a standard method for evaluating graphene-based supercapacitor
materials. Further research can expand on this by testing a wider range of carbon-based

materials and synthesis conditions under similarly controlled variability.

6.2.2 Bayesian Optimisation of Reduced Graphene Oxide Capacitance
using Grey-Box Gaussian Processes

Future efforts could aim to improve feature selection, given that temperature and time
had limited influence on capacitance within the tested conditions. Introducing additional
synthesis parameters could improve the model’'s sensitivity and predictive capability.
Examples include investigating post-reduction heat treatments, varying the initial oxygen

content of graphene oxide, or applying innovative post-processing techniques.
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A more detailed analysis of experimental uncertainty is also recommended. Specifically,
the role of current density in contributing to measurement noise should be studied
through controlled experiments with replicates, which would help quantify intra-condition
variability and improve confidence in model predictions. Stability testing under prolonged
electrochemical cycling could offer further insight into how synthesis conditions affect

long-term performance, which is critical for real-world deployment.

An important and natural extension of this work is the adoption of multi-objective
Bayesian optimisation (MOBO). While this thesis focused on maximising capacitance as
a single objective, practical materials development requires balancing competing criteria
such as capacitance, cycling stability, synthesis time, energy consumption, and
production cost. The probabilistic nature of Gaussian Processes makes them particularly
well suited for MOBO, as predictive uncertainty can be propagated to construct Pareto
fronts rather than single optimal points. Within this context, the existing physics-informed
GP framework could be extended to jointly model multiple objectives, enabling informed

trade-offs between performance, durability, and costs.

Finally, the methodology developed here can also be applied to other materials systems
beyond electrochemical energy storage, including battery cathodes, functional coatings,
and bio-based polymers. Broadening the application of this uncertainty-aware,
physics-informed machine learning framework could contribute to more reproducible and
scalable material development strategies across various scientific and industrial

domains.

6.2.3 Modelling Graphene Capacitance with Physics-Informed ML under
Data Scarcity

Future research could extend the modelling framework by targeting practical device
parameters beyond specific capacitance, such as volumetric energy density and
cycle-life retention. These metrics are critical for real-world supercapacitor applications,
where compactness and durability are equally important. Additionally, exploring the
model’s applicability to different electrolyte systems, including organic solvents and ionic
liquids, would test the robustness of current conclusions and potentially reveal new pore

structure-performance relationships.

A promising direction involves coupling the model with experimental workflows to
validate predictions through targeted synthesis and characterisation. Such coupling
could be formalised within an automated or semi-automated closed-loop framework,
where model predictions inform experimental design and newly generated data are used

to iteratively update the model. This approach aligns with emerging concepts in
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self-driving laboratories and could significantly reduce experimental cost under
data-scarce conditions. Within this context, the model could be used not only for
prediction but also for optimisation, for example by identifying synthesis pathways or
structural parameter ranges that maximise capacitance while satisfying constraints on
stability or manufacturability. Such integration could guide material design more directly,

for example by optimising surface functionalisation or tuning pore morphology.

Another avenue lies in shifting the focus from predicting properties based on existing
characterisation data to predicting properties directly from synthesis conditions, thereby
accelerating high-throughput screening efforts. When combined with Bayesian
optimisation or active learning strategies, this shift would enable the automated
exploration of synthesis parameter spaces, prioritising experiments with the highest

expected information gain or performance improvement.

Improving model robustness will also require addressing current data limitations.
Increasing dataset size, introducing replicates, and enhancing feature engineering
methods could help test the validity of current assumptions, such as linearity, and may
reveal previously overlooked descriptors. Future work could also expand the dual GP-RF
framework introduced here, using GP for precise and uncertainty-aware prediction while
leveraging RF for interpretable feature analysis. Embedding this hybrid approach into
automated experimental validation workflows may accelerate both understanding and

optimisation of scalable materials for energy storage applications.

Beyond Gaussian Processes, other ML approaches suitable for data-scarce regimes
could be explored. These include Bayesian neural networks and kernel-based methods
such as kernel ridge regression with physically motivated kernels, which can incorporate
prior knowledge while providing uncertainty estimates. In parallel, additional sources of
physical information could be integrated into the modelling framework, such as
electrolyte-dependent ion size and solvation effects, descriptors of pore accessibility,
electrical conductivity or graphitisation degree, and more detailed surface chemistry
metrics derived from advanced characterisation techniques. Incorporating such
physically informed descriptors, either explicitly as features or implicitly through model
priors and constraints, could further enhance model robustness, interpretability, and

transferability to practical device design.

Finally, the modelling methodology could be adapted to related domains such as
electrocatalysis or carbon-based CO., capture, where structure-property relationships
share common patterns and where similar challenges in data quality and physical

consistency are present. In these domains, the combination of physically informed ML
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with automated optimisation and experiment selection could play a similarly
transformative role for accelerating both catalyst and functional material design under

sparse and noisy data regimes.

196



APPENDIX A

This appendix presents additional electrochemical data referenced in Chapter 3. The
materials included here support the discussion on experimental variability and
reproducibility but are not essential to the main narrative. Each subsection is

self-contained and provides context for the corresponding figure or table.
A.1 Variability in RDE Polarisation Curves for Pt40%/Vulcan

This subsection presents RDE polarisation curves obtained using Pt40%/Vulcan
catalysts prepared under different deposition conditions to illustrate the resulting
variability in electrochemical performance. The data are referenced in Chapter 3 to
illustrate the sensitivity of electrochemical parameters to variations in catalyst film

preparation, including ink deposition, electrode coverage, and handling.

The results demonstrate that even small differences in experimental execution can lead
to measurable variability in electrochemical performance, highlighting the practical

motivation for the replication framework discussed in the main text.
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Figure A1. Polarisation curves for using Pt40%/Vulcan different deposition conditions, showing high
variability in the results.
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A.2 Discharge Time Variability at 1 A/g and 10 A/g Under Different

Reduction and Stirring Conditions

This subsection provides galvanostatic discharge (GCD) data for electrodes reduced
under varying thermal and stirring conditions, focusing on current densities of 1 A/g and
10 A/g. These results complement the 2 A/g data presented in Chapter 3 (Table 3-6) and

are discussed in the context of reproducibility and uncertainty analysis.

Discharge times were measured for electrodes prepared using either magnetic stirring
or paddle stirring during the reduction step. The coefficient of variation (CoV, %) was
calculated to quantify reproducibility across stirring methods, as defined in Equation 3-2.
The data illustrate how reproducibility depends on a combination of current density,
reduction temperature, reduction time, and stirring dynamics.

Table A1. Discharge times at 1 A/g and 10 A/g for electrodes reduced under different thermal and stirring
conditions. Coefficients of variation (CV, %) indicate reproducibility across stirring methods.

Reduction conditions | Stirring to(S) | toa(S) | tog(s) | t12(S)

65°C, 3h Magnet 224.44 | 240.03 | 280.69 | 359.32

65°C, 3h Paddle 182.93 205.5 | 252.32 | 331.96
Coef.Variation (%) 14 1 8 6

1 Alg 80°C, 0.5h Magnet 189.81 | 211.78 259.2 347.27

80°C, 0.5h Paddle 184.91 | 202.36 | 244.07 329.3
Coef.Variation (%) 2 3 4 4

95°C, 0.5h Magnet 187.34 | 210.43 260.7 343.69

95°C, 0.5h Paddle 200.76 | 223.74 | 274.47 | 359.11
Coef.Variation (%) 5 4 4 3

65°C, 3h Magnet 10.83 11.83 14.87 20.71

65°C, 3h Paddle 9.74 10.69 13.74 19.36
Coef.Variation (%) 7 7 6 5

80°C, 0.5h Magnet 9.41 10.41 13.46 18.67

10 A/g 80°C, 0.5h Paddle 9.04 10.16 13.11 17.88
Coef.Variation (%) 3 2 2 3

95°C, 0.5h Magnet 8.96 9.59 12.32 17.78

95°C, 0.5h Paddle 9.97 10.85 13.96 19.78
Coef.Variation (%) 8 9 9 8
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APPENDIX B

This appendix provides an independent estimation of the irreducible noise associated
with galvanostatic charge-discharge (GCD) measurements, as referenced in Chapter 4.
Irreducible noise refers to sources of variability that cannot be attributed to controlled
experimental parameters such as temperature fluctuations or mass differences and

instead arise from inherent measurement variability and setup-dependent effects.

The results presented here support the assumptions made in the Gaussian Process (GP)
uncertainty framework used in Chapter 4, including the estimation of the setup

length-scale parameter [ introduced in Equation 4-14.
B.1 Experimental Estimation of the Irreducible Noise

Irreducible noise refers to factors that are beyond fluctuations in the temperature and
mass differences, and which origin we are not explicitly considering. To do this
estimation, two electrodes with similar mass (3.008 mg and 3.079 mg) and that
incorporate rGO coming from the same reducing conditions (87°C and 120 mins) and
heating setup (heating blanket + Arduino) were prepared and characterized. The results

are shown in Figure B1 and Table B1 below.

GCD Curves for rGO (87°C, 2h)
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Figure B1 GCD curves for reduced graphene oxide electrodes. The graphene oxide was reduced at 87°C
for 120 mins. The curves represent a galvanostatic charge-discharge cycle at 1 A/g (left), 2 A/g (middle)
and 10 A/g (right).

Table B1. Calculation of the irreducible noise for 1 A/g, 2 A/g and 10 A/g.

Current Density
Electrode 1A/g 2 Alg 10 A/g
1 117.72Flg | 103.97F/g | 59.21Flg
2 121.67F/g | 106.42F/g | 68.82F/g
2
Ofreducible 2.79 Flg 1.73 Flg 6.80 F/g
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B.2 Derivation of [ = 2.3 from an Assumption of an Inter-Setup Tolerance
<15%

This inter-setup tolerance is the result of an estimation considering two contributors to

the variance:

Voltage window difference: which may play an important role, given the
pseudocapacitive nature of the rGO materials. A broader voltage window can
activate higher number of redox reactions, causing an increase in the specific
capacitance measured on the same material. To estimate what is the impact this
may cause, the capacitance model from [417] is used. Using the Rule 2 from the
Regression Tree described in that model, and calculating the difference in the
capacitance obtained for the same material with SSA: 0.1 m?-mg™’, Io/ls: 1.07,
N%: 0%, O%: 25.7% at PW: 0.8V and 1.2V, the relative difference in the
capacitances obtained is 10%.

Errors associated with data analysis: which may be caused by the approximation
of the GCD curves to that of an ideal EDLC for the calculation of the capacitance.
In this interlaboratory study [363], capacitances from the same material
measured by different groups presented a standard deviation of 5% with respect
to the mean value (Fig 5b from [363]).

The expected difference Ay between two setups arises from the Kernel's covariance

function:
[s] _ Isl||?
2 ”Xi X Equation B1
k(x;,x;) =07 -exp| — >
212
For one-hot encoded setups (where xl.[s] = [1,0] and xj[s] = [0,1]):
2
e The square distance is | xl[S] — X][s] =2
e The covariance between setups becomes:
1
k(Setup 1, Setup 2) = o}, - exp (— l—2> Equation B2
S

The expected squared difference between setups is:

E [(J’i - Yj)z] = k(x;, %) + k(x;, %) — 2k(x;, %))

1 Equation B3
= 205 1 —exp 7
S
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Assuming zero mean, the expected absolute difference Ay is approximated by the

standard deviation:

Equation B4

Approximating o,, to 50 /g, based on the capacitance values obtained, Equation B4

gives [, = 2.3.

201



APPENDIX C

This appendix provides additional methodological details related to data preprocessing
and feature interpretation used in the construction and analysis of the dataset presented
in Chapter 5. Specifically, it describes the procedure used to estimate missing average
pore diameter values, clarifies the role of publication cross-referencing, and provides

supplementary visualisations of input feature distributions.

C.1 Estimation of Average Pore Diameter from Published Pore Size

Distributions
Image for Karaman2020
0,10 ) —+GO
o ——GO H o (b)
] co (b) 2 ~+—N-GN5
f 0,08 —o—N-GN5 9 ~e—N-GN10
§ ——N-GN10 E Sl
2 006 —4—N-GN15 S
3 2
: g
£ 004 £
g :
5 5
Z 0,02
2
S Pore diameter/ nm
9 0,00

1 10 100
Pore diameter/ nm

2. Generate .csv with PlotDigitizer

1. Screenshot from
publication

10 1
Fore Size (o

3. Create interpolation curve with Akima method using
Python

4

area_under_curve = simps(y_fit, x_fit)
average_pore_size = simps(x_fit * y_fit, x_fit) / area_under_curve

Paper: Karaman2020, Surface Area: 353.00, Area Under Curve: 0.52, Average Pore Size: 19.03

4. Calculate average pore size using Simpson’s rule

Figure C1. Diagram showing the procedure followed to estimate the average pore size from the available
pore size distributions in the referenced publications.
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Most of the missing values in the compiled dataset corresponded to the average pore
diameter. When pore size distribution curves were available in the original publications,

an estimation of this feature was carried out using the procedure illustrated in Figure C1.
The process consisted of the following steps:

1. Digitisation of the pore size distribution curve from the original publication.

2. Interpolation of the extracted data points using Akima interpolation [465] to obtain
a smooth approximation of the distribution.

3. Numerical integration of the interpolated curve using Simpson’s rule to calculate

the area-weighted average pore diameter.

This approach was also used to replace pore size values that had originally been
estimated using the empirical relationship derived from Wheeler’s theory (Equation 5-1),
which assumes a homogeneous distribution of cylindrical pores. As this assumption can
lead to a reduction in variance and an oversimplified representation of pore structure
[466], the distribution-based estimation method was preferred whenever sufficient data

were available.
C.2 Publication Cross-Referencing for Dataset Analysis

To facilitate interpretation of figures that reference multiple publications using numerical
identifiers, Table C1 provides a mapping between the publication numbers used
throughout the figures in this work and their corresponding full references in the

bibliography.

This table is intended to be used in conjunction with figures such as Figure 5-1, which
presents Mahalanobis distances between publications, allowing the reader to easily

identify the original data sources associated with each indexed entry.
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Table C1. On the left: publication numbers shown in the figures of the present work; on the right: their
corresponding references in the bibliography.
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C.3 Distributions of Input Features and Capacitance

Figure C2 presents the distributions of key input features used in the Gaussian Process
models, together with the distribution of the measured capacitance values. These plots
complement the discussion in Chapter 5 by providing a broader overview of the statistical
properties of the dataset. The vertical dashed lines indicate key summary statistics: the
mean value is shown as a red dashed line, the median as a green dashed line, and the
mode as a purple dashed line. These markers are included to highlight the central
tendency of each distribution and to facilitate comparison between different statistical

descriptors, particularly in the presence of skewed or multimodal data.

The boxed annotation located in the upper right corner of each plot reports additional
distribution metrics, namely the standard deviation, skewness, and kurtosis, which
provide complementary information on the spread, asymmetry, and tail behaviour of the

distributions, respectively.
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