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Abstract

As fusion moves towards commercialisation, challenges arise due to considerable
uncertainty in the technology. The scope of this thesis is to address these challenges
through the use of probabilistic surrogate models. Specifically, we target the uncer-
tainty in techno-economic assessments of spherical tokamak power plant concepts.
The research takes an interdisciplinary approach, connecting uncertainty quantifi-
cation and surrogate modelling with fusion engineering and design. Bayesian net-
works as surrogate models offer distinct advantages, such as bi-directional inference
and a probabilistic representation of uncertainty. We argue that surrogate modelling
through Bayesian networks therefore aids in decision-making processes, by offering
the ability to reason over uncertain information in fusion designs. A universal frame-
work has been developed and tested to implement these meta-models as tools for
fusion developers in this way. Specifically, the network is used in an industry case
study with Tokamak Energy. Through bi-directional reasoning, our results identify
the feasible regions for plasma physics and engineering parameters that minimise
capital expense and maximise heat and electricity production. By nature of being
agnostic to the system they're applied to, our meta-model framework can generalise
for reasoning over uncertainty in systems across the fusion industry. By advocating
for the wider use of uncertainty-aware frameworks such as ours, we propose that

they can offer practical solutions to uncertain problems in this field.
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Chapter 1

Introduction

The commercial realisation of fusion energy promises increased low-carbon energy
security through the provision of a sustainable, safe, and abundant energy source.
Fusion energy is the process by which two light atomic nuclei combine to form a
heavier nucleus, releasing energy in the process. This process is the same as that
which powers the Sun and other stars [1]. The energy released per nucleon by
fusion reactions is greater than that released by fission reactions. This significant
difference arises because fusion combines light nuclei (with few nucleons), such as
hydrogen isotopes, to form a heavier nucleus, releasing a large amount of energy
due to the strong nuclear force. In contrast, fission splits heavy nuclei (with many
nucleons) into lighter nuclei, releasing less energy per nucleon. Fission energy is
generated in power plants today, see Figure 1.1 below. Compared with fission, it
is thought that the waste that will be produced from fusion has the potential to be

shorter-lived in terms of radioactivity, and the fuel is more abundant [2] making it
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Figure 1.1: Atomic nuclei splitting in fission (left) and binding together in fusion (right).

appealing to include the energy mix.

As yet, fusion has not been demonstrated or commercialised, i.e., advanced to the
stage where it could be made widely available on the market. The fusion commu-
nity’s current focus towards experimental technology development for a proof-of-
concept: a working reactor for energy generation. Much is still uncertain, both in
the technology and the economics, and the situation remains that the community
is still very far away from commercial fusion. Limited research exists that seeks to
overcome uncertainty and improve decision-making as the community transitions

from experiments to pilot plants.

This thesis and the tools it presents and tests, aims to address the gap in the techno-
economic evaluation of immature emergent technologies, such as fusion energy,
where there is currently a paucity of data but where new data is expected to ap-

pear over time.
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To achieve this, the work demonstrates that a probabilistic approach via Bayesian
Network Meta-Models (BNMs) can assist in managing and reducing uncertainties in
these evaluations. By implementing and testing a proof-of-concept methodological
framework, this thesis showcases how a probabilistic method can be used as a tool
to improve decision-making processes in the face of limited initial data and evolving
information. The next sections will provide an overview of fusion energy, followed
by a discussion on the current state of fusion development and the challenges it

faces.

1.1 Fundamentals of fusion energy

Here, some background information on fusion energy is provided. Stars, under the
influence of intense gravitational pressure and high temperatures, engage in fusion
reactions, overcoming repulsive electrostatic forces and converting lightweight ele-
ments, like hydrogen, into heavier elements, such as helium. This results in the fused
atom’s nucleus being heavier than the nuclei of the constituent atoms, leading to a
mass defect. According to Einstein’s equation [3], the mass defect of the reactants is

converted into energy, expressed by:

E = mgc® — mpc® = Amc? (1.1

Here, mg represents the mass of the reactants, mp is the mass of the products, c is

the speed of light, and F is the released energy. The mass defect can be understood
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through the concept of nuclear binding energy. When nuclei fuse, the strong nuclear
force binds the nucleons together, resulting in a more stable nucleus. The binding
energy is the energy required to disassemble the nucleus into its constituent protons
and neutrons. In fusion reactions, the binding energy per nucleon of the resulting
nucleus is higher than that of the reactants, meaning that the fused nucleus is more
tightly bound. The difference in binding energy is released as energy, which corre-
sponds to the mass defect in the Equation 1.1. The energy is carried by particles
in the form of kinetic energy, which can be harnessed and therefore offered as a

potential pathway for energy generation.

Given the impracticality of replicating the extreme mass and pressure conditions
found in stars on Earth, alternative methods are required to achieve fusion reactions.
These include superheating elements to create a plasma state, and then containing
it. To heat the fuel and maintain it in a plasma state, an external power source is
necessary. This is distinct from the fusion reactions and is referred to as external

heating power.

The Lawson criterion [4], is used to determine the conditions under which a fusion

plasma can sustain a fusion reaction with no external heating, via the equation:

(1.2)

n is the number density of the plasma. 7 is the energy confinement time, which

is a measure of how long the plasma can retain its energy without losing it to the
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surroundings [3]. The longer the confinement time, the more likely the plasma is
to achieve the conditions necessary for fusion. E¢ is the energy content per particle,
which is the amount of energy each particle in the plasma carries. This is typically
measured in electron volts (eV). kg is the Boltzmann constant, which is a fundamen-
tal constant of nature that relates the average kinetic energy of particles in a gas to
the temperature of the gas. T is the temperature of the plasma, which needs to be
extremely high (in the order of millions of degrees) for fusion to occur. (ov) is the
reactivity, which is a measure of the likelihood of a fusion reaction occurring. It is
calculated as the product of the microscopic cross-section o (which is a measure of
the probability of a collision leading to a reaction) and the relative velocity v of the

reacting particles, averaged over their velocity distribution.

The primary justification for focusing In a fusion reactor, (), or “breakeven” is defined
as the ratio of the power produced by the fusion reactions to the external heating
power (i.e., net energy gain). If the product nTE. is large enough (i.e., it meets
or exceeds the right-hand side of Equation 1.2), the plasma can achieve breakeven.
Thus, when Q=1 it represents scientific breakeven, where the power generated from
fusion reactions in a plasma equals that of the external power needed to create the
plasma state. It is important to distinguish between engineering breakeven and sci-
entific breakeven. Engineering breakeven is achieved when the total power output,
including the energy required to operate the reactor’s auxiliary systems (such as
cooling, magnets, and other support systems), exceeds the total power input. En-
gineering breakeven is a more stringent condition as it considers the overall energy

balance of the entire reactor system, not just the plasma. Achieving engineering
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breakeven is therefore crucial for the practical and economic viability of fusion as a

commercial energy source.

These conditions serve as a suitable metric for the likelihood of fusion reactions.
The likelihood, also known as reactivity, varies depending on the atoms that fuse
together. Deuterium-Tritium (D-T) fusion exhibits the highest maximum reactivity
at the lowest temperature compared to all known fusion fuels, see Equation 1.3.
Consequently, the required D-T Lawson parameters and triple products to achieve

high Qg are the lowest and most accessible, as illustrated in Figure 1.2.
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Figure 1.2: Lawson reactivity, (o, )(m3s~!), versus temperature, T}(KeV), for fusion re-

actions shown in the legend, taken from [5].

Challenges associated with D-T fusion (explored below in Section 1.4) have led to
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the exploration of alternative fuels, such as Deuterium-Deuterium (D-D), Deuterium-
Helium-3 (D-He?), and Proton-Boron-11 (p-B'!) fusion, see Equations 1.4, 1.5, 1.6, 1.7.
These alternatives have lower reactivities and peak at higher temperatures than D-T
fusion, requiring higher Lawson parameters and triple products to achieve equiva-

lent Qe values, see Figure 1.2.

This means that the D-T reaction stands out as particularly promising for commercial
applications. The primary justification for focusing on D-T fusion over other candi-
date reactions is its significantly higher reactivity at relatively lower temperatures,
which makes it more feasible to achieve the necessary conditions for sustained fu-
sion. The D-T reaction has the highest cross-section for fusion, meaning it is more
likely to occur under achievable experimental conditions. There are issues with other
fuels that make them less attractive for commercial applications. For example in D-
He? fusion, the scarcity of He® presents a fuel cycle challenge. For p-B!!, there is a

requirement for even higher temperatures, with lower reactivities than D-T fusion.

Thus, the D-T reaction stands out as particularly promising for commercial applica-
tions, characterised by a high cross-section and the release of 17.6 MeV of energy
per reaction [3]:

D+ 3T — 3He +n (17.6 MeV) (1.3)

When comparing the energy per nucleon, D-T fusion reactions release approximately

3-4 MeV per nucleon, while uranium fission reactions release about 0.7-1 MeV per
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nucleon. Alternative fuels and their respective equations are as follows:

D +3D — T + p (4.03MeV) (1.4
D+ 3D — SHe 4+ n (3.27 MeV) (1.5)
*D + SHe — jHe + p (18.3MeV) (1.6)

p+ tB — 33He (8.68 MeV) (1.7)

Where p denotes a proton, n denotes a neutron and 1 MeV is equal to 1.6x10713
Joules. When superheated into a plasma, the atoms in D-T fuel shed their elec-
trons and become ionised, and thus possess positive charge. This means they can
be controlled by magnetic fields created by electrical currents. Different approaches
to confinement of the plasma are in development with the aim of achieving fusion
breakeven. These include magnetic confinement, inertial confinement, Z-pinch con-
finement, inertial electrostatic confinement, and combined confinement techniques,

and are discussed in more detail below in Section 1.2.

1.2 Fusion development

This section details the various approaches that are being developed to achieve fu-
sion. In doing so, it highlights the advancements made between the public and
private sectors, and contextualises current fusion development, and where it needs

to be in order to be a commercial entity. To gain an idea of how development con-
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tinues to progress, it is useful to visualise a set of Levels for fusion in a Development
Pyramid. By moving through Levels 0—5 of Figure 1.3 below, we can define a com-

mercial pathway for fusion.

The Levels of the Pyramid represent stages of fusion development, analogous to the

rungs of a ladder:

* Level 0: Scientific breakeven, where the power generated from fusion reac-
tions in a plasma exceeds that of the external power needed to create the

plasma state, Q=1.

* Level 1: Engineering breakeven, where the total power output for the power
plant exceeds the total power input, including auxiliary systems e.g., magnets

and cooling.

* Level 2: Useful energy conversion, where the energy generated from fusion
reactions, in the form of heat, is sufficiently converted into useful forms of
energy, such as electricity, such that it can be used for commercial applications,

i.e., the power plant is connected to the grid.

* Level 3: Sustainable fuel cycle, where the reactor can breed its own fuel (most

likely, D-T) and manage waste products (such as He).

* Level 4: Competitive economics, where fusion power is cost-competitive with

other energy sources laying the foundation for deployment and Level 5.

* Level 5: Global deployment, where fusion power is supported by the necessary

35



Chapter 1 1.2. FUSION DEVELOPMENT

infrastructure and large-scale manufacturing capabilities, enabling worldwide

roll-out it to contribute significantly to the global energy mix.

Level 5
Global deployment e

Level 3

Sustainable fuel o

cycle

o Level 4
Competitive economics

-
aah

e Useful energy conversion

Level 1 e.g., electricity
Engineering
breakeven b _CURRENT POSITION
Level 0
Scientific
breakeven

Figure 1.3: The Fusion Development Pyramid, adapted from [6].

In order to reach Level 4, techno-economic analyses (via computational modelling)
across the different fusion approaches and applications are required. For more depth
on the theory behind Levels 0 and 1, revisit Equation 1.2 in Section 1.1. The theory
behind overcoming the challenges associated with reaching Levels 2, 3, and 4 are

discussed in greater depth below in Section 1.4.

Fusion research has been ongoing for over 60 years. Within the context of the
Cold War, the first demonstration of human-created fusion was the Ivy —-Mike test
in 1952. This had obvious ties to military ambitions, rather than energy. The ori-
gins of the National Ignition Facility (NIF) are also deeply rooted in this historical

context. However in terms of fusion for energy, magnetic confinement has been the
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most researched approach, with the tokamak being the most widely developed mag-
netic confinement concept. As the leading approach in tokamaks, utilising D-T fuel,
magnetic confinement is the focus of this thesis. The tokamak is a toroidal device,
i.e., in the shape of a torus (or a doughnut). Tokamaks use magnetic fields (from
the toroidal and poloidal field coils) to confine the plasma, with the aim of achieving
fusion conditions, see Figure 1.4. The Joint European Torus (JET) was the largest
tokamak in operation, located in the UK. It represents the most successful D-T fusion
experiment to date, releasing 69 MJ of energy in 2023 (breaking its own records
of 1997 and 2021) [7, 8]. JET has paved the way for the operating scenarios in
The International Thermonuclear Experimental Reactor (ITER) project. Currently
under construction in France, ITER’s primary goal is not to produce electricity, but

in demonstrating the feasibility of fusion power.

Toroidal field coils

Outer poloidal field coils
(for plasma positioning
and shaping)

Figure 1.4: Schematic of a tokamak, showing the toroidal shape and magnetic field
lines, taken from [9].

ITER, an incomplete project yet to start operation, is a collaboration between 48
nations, including the European Union, China, India, Japan, Korea, Russia, and the

United States. It will be engineered to generate 500 MWt of fusion power from an
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input heating power of 50 MW, i.e., @=10. The project has been beset with delays.
The final stage of the ITER’s goal, to generate and sustain fusion power with D-T
fuel, is delayed until 2039, rather than 2035. Initial plans were in place to begin
D-D plasma control in 2025 but these have since been dropped, and are instead

planned to commence in 2034.

ITER has faced many challenges, mainly from cost overruns and delays. From an
onlooker’s perspective outside the fusion community, these paint an unattractive
picture. The initial plan was a thirty year project —ten years for construction and
twenty years for operation— with first plasma testing in 2020. As of 2024, that
plasma testing has been pushed back to 2035. Consider too, that the initial design
was conceived in 2001. Fundamentally, this means that the core technology is going
to be outdated by the time it is operational. For the sake of argument, you can
imagine the Wright brothers commencing the build of a plane in 1903, and then
flying it in 1941, some thirty eight years later. The technology would be outdated,

and the plane would be obsolete. This is the situation ITER faces.

Following ITER, the next milestone in the public development of fusion power plants
is DEMO, the DEMOnstration power plant. DEMO is designed to build upon the
scientific and technological achievements of ITER, taking the concept a step further
by being the first power plant to produce electricity. It is designed to produce 2 GW
of fusion power from 80 MW of input heating power, aiming to achieve ()=25. As
a proof-of-concept for commercial fusion power plants, DEMO is designed to pave

the way for the first commercial fusion power plant, anticipated to be completed in
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the 2050s. Using ITER as the foundation, DEMO therefore represents the transition
from experiments to practice in public research of fusion power. Based on the points
raised with regard to the challenges faced by ITER project above, it is easy to see
why there is some scepticism towards the DEMO project, and why the public sector
is not the only player in the fusion game. See below for more on the private sector’s

emergent role in fusion development.

In parallel to these large-scale international efforts in magnetic confinement, sig-
nificant advancements are also being made elsewhere in other public projects. A
notable example is the National Ignition Facility (NIF) in the United States, an iner-
tial confinement machine. The NIF, which is home to the world’s largest and most
energetic laser, achieved scientific breakeven in December 2022 [10]. It produced a
3.15 MJ of energy from a 2.05 MJ input of laser light, approximately 154% of the
energy input. This marked the first achievement of scientific breakeven in fusion de-
velopment, where the energy produced from a fusion reaction exceeded the energy
absorbed by the fuel. This moved overall fusion development from Level 0, to Level
1 on the Fusion Development Pyramid (refer to Figure 1.3 and the current position
label). However, it is important to note that this achievement is a nuanced view of
scientific breakeven, where the energy output measurement was taken from a tiny
integral of the surface of the fuel pellet. So, depending on where you draw your en-
ergy output boundary, the NIF may not have achieved scientific breakeven. In 2023,
the facility repeated the experiment, yielding 3.88 MJ, approximately 190% of the

energy input [11].
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The situation remains that the NIF underscores a proof-of-principle for inertial con-
finement. It demonstrates progress in moving up the Levels of the Pyramid in fusion
development. However it is important to note that NIF is an experimental facility de-
signed primarily for weapons research purposes rather than efficiency or electricity
production. Its laser architecture and target configuration were selected to maximise
the likelihood of achieving fusion energy gain, rather than to optimise for net energy
production for fusion energy applications. For example, the nanometer smooth fuel
pellets represent an extremely precise target that are not reproducible for wide-scale
applications. Significant challenges remain in translating net energy gain from an

experimental facility to a commercially viable power plant.

Private fusion start-ups are also making significant progress towards commerciali-
sation, and creating a paradigm shift in fusion research [12]. In 2010, there were
around 10 private fusion companies. Today, there are over fifty [13]. These pro-
grammes are typically smaller in scale than ITER and DEMO, with smaller budgets
and a reliance on private investment. Typically, they’re more focused on specific
approaches to fusion. For example, Tokamak Energy is a private fusion start-up
based in the UK that is focused on developing Spherical Tokamaks (STs) using high-
temperature superconductors. Refer to Section 2.2 of Chapter 2 for further details

of STs.

The private sector has had a strong influence on fusion development. At present
there is a focus towards “agile innovation”, with simpler and shorter development

cycles [12]. Currently the branches of fusion research consist of public projects such
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as ITER (Worldwide), JET (EU-UK), Mega Ampere Spherical Tokamak (MAST) (UK),
National Spherical Torus Experiment (NSTX) (US), Japan Torus-60 Super Advanced
(JT-60SA) (Japan), China Fusion Engineering Test Reactor (CFETR) (China), and
private projects such as Tokamak Energy, Helion Energy, First Light Fusion, Com-
monwealth Fusion Systems, TAE Technologies, and General Fusion. Many of these
organisations are private companies working in tandem with public sector grants.
Note that there are many more examples of both public and private projects, com-
prehensive lists of which can be found in [14] and [13]. Inclusive of the aforemen-
tioned projects, there are many examples of fusion experiments worldwide that are

utilising different confinement methods. These are summarised below:

* Magnetic confinement fusion (MCF): in this method, the superheated fusion
plasma is held away from material surfaces (in order to minimise damage) by
toroidally arranged magnetic fields, such as in tokamaks. This is the most heav-
ily researched confinement method and will be utilised by ITER and DEMO.
Other examples include: High-beta tokamak extended pulse devices [15], stel-
larators such as Wendelstein 7-X (W7-X) [16], Reversed Field Pinch (RFP)
devices such as the RFX-Mod experiment [17], Spheromaks, such as the Sus-
tained Spheromak Physics Experiment (SSPX) at Lawrence Livermore National
Laboratory [18], and tandem-mirror devices such as Gamma-10/PDX (investi-

gating divertors) [19].

* Inertial confinement fusion (ICF): operating in a pulsed system, this method

can be achieved either through the use of lasers, or heavy-ion fusion. In laser
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confinement fusion, the high intensity system compresses and superheats the
fuel into plasma at high pressure, thus inducing fusion reactions and the sub-
sequent release of energy. Examples of such experiments include the National
Ignition Facility (NIF), which recently achieved marked success in the steps

towards fusion gain [10].

e Z-Pinch confinement: these devices are able to control the plasma by utilising
the electromagnetism produced by the plasma itself. In-theory, this negates
the need for expensive and intricate external electromagnet systems seen in
tokamaks [20]. Examples include the Mega Ampere Generator for Plasma Im-

plosion Experiments (MAGPIE) at Imperial College London, UK [21].

* Inertial electrostatic confinement: Also known as a fusor, this method uses
electric fields rather than magnetic ones to confine the plasma. Unlike mag-
netic confinement systems, the Lawson criterion does not directly apply to fu-
sors, as the concept of temperature is not as relevant. Instead, fusors rely
on the acceleration of ions through electric fields to achieve fusion conditions.
While theoretically promising for certain applications, such as aneutronic fuels,
practical challenges related to energy losses and confinement efficiency limit

their viability for large-scale energy production [22].

* Combined confinement techniques these include: flow pinch (using sheared
flows and z-pinch configurations [23]), and Magneto-inertial/Magnetised Tar-
get Fusion (MTF) (using the compressional heating of ICF alongside aspects of

Magnetic Confinement Fusion (MCF) [24]), such as in General Fusion’s design

42



1.2. FUSION DEVELOPMENT Chapter 1

specifications for MagLIF [25].

* Field-reversed configurations (FRC) hold fusion plasmas in closed magnetic
field lines, with high-beta (3, normalised plasma pressure, see Section 1.4.6) [26].
Examples of aneutronic experiments include: Helion Energy [27], who seek to
achieve He3-D fusion, and TAE Technologies who seek to achieve p-B!! fusion.

See the red and purple lines of Figure 1.2, respectively [28].

It is useful to visualise these different experiments and their respective triple prod-
ucts (recall Equation 1.2) by plotting them against the year that they were achieved,
see Figure 1.5. In doing so, we gain further insight to the progress made in fusion
research and development, relating back to the Levels shown in the Development

Pyramid in 1.3.
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Figure 1.5: The triple product, n7'7; (KeV s m~3), reached by various experiments and
their approach to fusion versus the year it was achieved. Adapted from [5] and [29].
Above the red dashed line represents the triple product required to achieve engineering

breakeven.

The Fusion Industry Association (FIA), a non-profit organisation, was established in

2019 to represent the interests of private fusion companies. At the time of writing,

it has thirty seven members, including General Fusion, Commonwealth Fusion Sys-

tems (SPARC), and further affiliate members including Google, ENI, and Mitsubishi

Corp [13]. The organisation aims to accelerate the development of fusion energy by

advocating for public-private partnerships and increased public funding for fusion

research. To date (2024), it claims $6 billon has been invested in private fusion
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programmes. Since the 2022 annual FIA report, $4.8 billion secured at time of 2022
survey $1.4 billion increase in total funding since 2022 (including some funding not
previously declared) forty three responses versus thirty three in 2022 and twenty
three in 2021 thirteen companies founded or emerged from stealth mode three com-

panies folded or joined others.

To summarise, fusion research is rapidly evolving and the private sector is play-
ing a significant role in this evolution. What about outside of the fusion community?
The International Energy Agency’s (IEA) latest flagship World Energy Outlook report
does not consider fusion a future energy source for either electric or non-electric ap-
plications and neglects its potential to contribute towards global net-zero emissions
in 2050. Beyond the IEA, there are no major institutions —outside of fusion specific
think tanks- that are looking into future energy options that explicitly consider fu-
sion as a potential contributor to the future energy mix. This decision is justified from
a lack of immediate progress in ITER, developed via international collaboration that
represents the culmination of decades of publicly funded Research & Development
(R&D) in fusion. The lack of focus on fusion as a viable option is key to decision-
making for potential investors and energy policy makers. Therefore, in order to be
considered in energy forecasting outside of the fusion community, fusion needs to
demonstrate its potential in areas beyond simply providing greener electricity secu-
rity. This theme is explored next, as we discuss the role of fusion, providing context

before moving on to the challenges that fusion faces in commercialisation.

A reminder that at this point there is no fusion prototype plant, and therefore the

45



Chapter 1 1.3. THE ROLE OF FUSION

community must carry out modelling relating to progress up the Pyramid using as-
sumptions on the technology. As the fusion community transitions from experiments
to pilot plants, efforts must be made to consider how these assumptions impact
decision-making on designs of fusion systems. In light of this, the objectives for the
remainder of this chapter are as follows two-fold. (1) To highlight how fusion power
could be used in a low-carbon future energy system, beyond electricity production.
Here, we define a commercial pathway using the Levels of the Fusion Development
Pyramid (see Figure 1.3). (2) To characterise the current challenges in fusion tech-
nology development and highlight the areas of uncertainty that arise as a result in

techno-economic studies of fusion power towards commercialisation.

1.3 The role of fusion

In 2019, electricity made up 20% of global primary energy consumption and is pre-
dicted to rise to 25% by 2040 [30]. It is also likely that by 2050, due to pushes
for global decarbonisation, the electricity market will already be saturated with low-
carbon technologies [30]. Not only is there a strong likelihood that these will have
become cheaper with time, but they will also be more widespread and be coupled
with greater storage potential, rendering it difficult for fusion to compete for market
share. Further barriers arise from the stringent power generation, and grid connec-

tion requirements set by regulator [31, 32].

While renewables such as wind, solar, and hydroelectric power have made significant

strides in reducing carbon emissions and providing sustainable energy, they also face
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challenges. These include variability in power generation due to weather conditions,
the need for large-scale energy storage solutions, and the environmental impact
of land use and resource extraction for renewable infrastructure. Fusion energy,
with its potential for continuous and reliable power generation, could complement
renewables by providing a stable baseload power source, thereby enhancing the

overall resilience and reliability of the energy grid.

By taking a step back from the electricity narrative, the optimum role of fusion can
be considered by asking some basic questions. If the electricity market is already
provided for, what non-electric applications could there be for fusion energy (Level 2
of the Development Pyramid in Figure 1.3)? Are these applications cost competitive
(Level 4 of the Development Pyramid in Figure 1.3)? Whilst these questions relating
to cost and socio-economics are covered in Sections 1.4.6 and in [31], the potential

market application for fusion should be assessed.

What is the socio-economic impact of utilising fusion (for a given application)? Note
that questions relating to cost and socio-economic are be covered in Sections 1.4.6
and in [31]. It is important to consider fusion as an energy source beyond electricity
production, such as in applications that are dominated by fossil fuels and not easily

replaced by low-carbon alternatives.

With this in mind, it is important to mention the difficulty fusion energy faces in
breaking into non-electric markets. Another important consideration in non-electric
applications are potential barriers to market penetration. Fusion energy is not likely

to be used initially to establish a new sector, and is more likely to break into an
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existing one. This comes with its own challenges, most notably that it must conform

to existing market norms and compete with incumbents [33].

For example in the case of the hydrogen sector, the narrative of fusion as a novel
technology penetrating into a small capacity, niche market is likely to be difficult
to justify. This concept is shown for the fusion context via a traffic light quadrant
diagram in Figure 1.6, whereby the two axes, technology and market, visualise how
transitioning from the status quo (existing market, existing technology) to either
new technologies and or new markets represents the most challenging evolution for

fusion to achieve [34].

1. Incumbent: existing technology, existing market, represented by renewables

for electricity production.

2. Innovation (1): existing technology, new market, represented by renewables
for hydrogen production. The transition from the incumbent sector to this one

denotes a challenging evolution to achieve.

3. Innovation (2): existing market, new technology, represented by fusion for
electricity production. The transition from the incumbent sector to this one

denotes the least challenging evolution for fusion to achieve.

4. Radical innovation: new market, new technology, represented by fusion for
hydrogen production. The transition from the incumbent sector to this one
denotes the most challenging evolution for fusion to achieve. It is therefore

argued that instead, making the transition from Innovation (2) to this sector
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represents a more achievable, but still challenging evolution.
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Figure 1.6: A quadrant diagram demonstrating different market-technology sectors in-

cluding renewables. Taken from Griffiths et al, [31].
With reference to Level 2 of the Development Pyramid, which non-electric appli-
cations are relevant for fusion? One possible benefit of commercial pathways such
as hydrogen production is that the plant specifications are aligned with those re-
quired for electricity production, meaning that development pathways for electricity
production efforts still remain valid until a choice can be made on which pathway
is best for fusion to exploit. Studies from Sheffield et al., and Nicholas et al., fur-
ther investigate this narrative through cogeneration between hydrogen and electric-

ity [35, 36, 371.

Studies have also investigated the potential for high-temperature fission reactors for
use in desalination, process heat, district heating, and industrial steel manufacture.

As the operational temperatures in cooling cycles for high-temperature fission reac-
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tors and fusion reactors may be comparable, it can be assumed that these can be
applied in a similar way as possible alternative applications for fusion [38]. This is
unsurprising as fusion reactors represent a source of heat and a means to raise steam
in a manner similar to fission. That said, some of the issues of safety and security,
regulation, waste and public attitudes are considerably lessened for fusion which
may make them particularly attractive in these roles. Furthermore, the integration
of fusion energy with renewable energy systems could create synergistic benefits. For
example, excess electricity generated by renewables during peak production periods
could be used to power fusion reactors or to produce hydrogen through electroly-
sis, which can then be stored and used as a clean fuel. This hybrid approach could
help address the intermittency issues associated with renewables and provide a more

balanced and sustainable energy mix

1.3.1 Electricity

Usually, scenario based modelling analyses are used in order to predict the severity
of carbon restrictions placed in future contexts [39, 40, 41, 42]. Discount rates
are also found to have a large impact on the materialisation of fusion in modelling
studies [42]. Outputs in the study estimated that fusion’s share of global electricity
production would be 30% by 2100, assuming a cost reduction rate of 1% and carbon
tax reductions of 10%. In these studies, fusion has no market share as a result of

competition from cheaper alternatives. Under restrictions, fusion’s market share by
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2100 was found to be 40%.

Further investigation from a follow on study by Cabal et al analysed the effect of
discount rates on fusion’s emergence [42]. Reductions in discount rates increased
fusion’s penetration from 4% to 23%, aligning with findings from costing stud-
ies that estimate up to ~90% of the cost of electricity is encapsulated in capital
costs [43, 44]. When increasing the capital cost of their machine baseline by 30%,
fusion was predicted to have no market share by 2100. However, a decrease of 30%
leads to a market share of 43% in the same time-frame, which aligns with sugges-
tions made by Lopes Cardozo et al that the cost of fusion needs to be reduced in
order to see penetration before 2050. The technologies competing for a share in
the market within all these studies are Carbon Capture and Storage (CCS), fission
and renewables [45]. Regional distribution of fusion also has an effect on its emer-
gence. These findings highlight how important and uncertain capital costs are in the

materialisation of fusion.

To summarise, the materialisation of fusion is directly linked to the introduction of
climate change drivers in all the above studies. The findings in Section 1.3.1 can be

split into well defined themes:

1. When there are no climate change drivers, fusion is not an emergent technol-
ogy due to global market dominance of cheaper, and already established fossil

fuels.

2. Fusion obtains a market share when climate change drivers are in place, with

the inclusion of carbon taxes. However, there is no significant contribution to
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near-future climate targets. This is mostly down to high overnight capital costs,
competition from other technologies, volume of required resources, and thus

timescales required for large scale deployment of a global power plant fleet.

3. Cost has the biggest impact on fusion’s emergence, but it is also the most un-
certain. Emergence is directly linked with market shares, observed only when

costs are reduced relative to current predictions.

In summary, even for electricity production —the easiest route for fusion— market
share and the impact against climate targets remains very uncertain. Perhaps the
most important of these areas cost, where direct contributions to climate targets are
only achievable when significant reductions are implemented. If fusion energy is to
fulfil its potential of solving the energy crisis, then it it may benefit from attempting
a different approach to First-of-a-Kind (FOAK) reactors, i.e., seeking to implement
a lowest cost design that can be adapted and improved in later iterations, rather
than attempting to create the perfect product at the first attempt. This is especially
important for countries with high energy demand, such as India and China, that may
be encouraged to opt for alternative, more carbon intensive, and cheaper alternatives
to fusion until it becomes cost competitive, which according to these studies, may

not be until 2100.

If future de-centralised energy systems are mostly comprised of intermittent re-
newables, then complementary sources which can meet different demand scenar-
ios may be required. There are numerous examples in the literature of load fol-

lowing technologies reducing overall costs [46, 47, 48]. Thus, fusion’s capacity to
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demonstrate load-following characteristics enhance its suitability as a future energy
source [49, 50]. In addition, it was initially thought that, due to slow power ramp-up
times arising from inherent safety concerns, fission could not adequately load follow.
However, there have seen several studies that discredit this theory, leaving fusion

with further ground to make up in the “fission versus fusion” debate, see [51, 52].

Baseload operations refer to the continuous, reliable generation of electricity to meet
the minimum demand on an electrical grid. For tokamak fusion, achieving baseload
operation means that the reactor must be capable of sustaining a stable and contin-
uous fusion reaction over long periods. This requires maintaining plasma stability,
efficient heat removal, and reliable fuel supply systems. Tokamak fusion reactors
are designed to operate continuously, providing a steady output of power, which is
essential for meeting the constant demand of the electrical grid. The ability to oper-
ate as a baseload power source is a significant advantage for fusion energy, as it can
complement intermittent renewable energy sources, ensuring a stable and reliable
energy supply. However, achieving this requires overcoming significant technical
challenges, including managing plasma instabilities, maintaining the integrity of re-
actor materials under high neutron flux, and ensuring the economic viability of the

technology.

1.3.2 Low-temperature applications

As a heat engine, like fission, fusion must employ a thermodynamic cycle, such as

Rankine or Brayton, incorporating either a water-steam, helium, or CO, cycle to
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produce electricity. At least half of the energy output is lost as low-temperature
(<300°C) waste heat from the turbine exit. As with fission or Combined Heat and
Power (CHP), there is inevitably some loss in diverting this waste heat for other

purposes (typically ~15% of nominal electrical output).

Desalination

Initial studies, such as those from Sheffield et al and Borisov et al, discuss the
potential for fusion electricity and heat to be used for producing desalinated wa-
ter [36, 53]. According to World Energy Outlook, the water sector’s electricity con-
sumption is predicted to rise by 80% by 2040, with desalination expecting to be
responsible for 20% of this demand [54]. Motivation for use of fusion for desalina-
tion processes stems from the estimated usage of facilities in 150 countries and >300
million people, with primary usage coming from Middle Eastern countries such as
UAE, Saudi Arabia, Qatar and Kuwait. At present these services are provided through

the of use other carbon intensive technologies [55].

The production of fresh water can be achieved through both thermal [56, 57, 58,
59], and membranous based methods [60, 61, 62, 63, 64, 65, 66, 67]. Often re-
quiring large amounts of energy as heat, thermal technologies produce fresh water

through a phase change process.

Hooper et al suggest that a GW fusion plant capacity could lead to production of 10
million m3/day of fresh water [68]. Given that as of 2019, the global production

of freshwater was ~95 million m?/day [69], it seems unrealistic for one facility to
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be capable of producing around 1/10th current global capacity. That said, Hooper
states that such large capacity would require unrealistic infrastructure to distribute
the water. Thus, MW capacity reactors such as Zap Energy’s sheared-flow-stabilized
(SFS) Z-pinch configuration that could cogenerate with electricity are more well
matched and provide better efficiencies than GW reactors [70]. See [31] for further

analysis on the potential for fusion in desalination.

District heating

District heating can play an important part of global reduction in carbon emissions.
According to a 2014 report, the share of world global energy consumption from
the heating of homes, buildings and domestic water was 15% [71]. The share in-
creases in areas with lower average temperatures, for example The European Union
consumes 22% of demand for domestic heating of homes alone [72]. In the UK, do-
mestic heating of home causes significant contributions to CO, emissions, totalling
18% [73], yet current district heating installations in the UK provide only 2% of
overall heat demand (residential, public and industrial sectors). Recent investment

totalling £320m will contribute to a proposed increase of 18% by 2050 [73].

As means to utilise heat from generation plants, district heating is able to reduce
carbon footprint, whereby a large and central source for heat from a collection or
district of buildings can provide ample space for heating of the water or steam that
can be distributed to urban areas. The deployment of fusion technology in conjunc-

tion with district heating systems would provide an additional revenue stream for the
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operator, perhaps radically changing the economics relative to other sources. This
mirrors the considerations for cogeneration for nuclear fission [38]. Indeed, there
are key advantages for fusion in that public acceptance is also likely better as the
effectiveness is location dependent and fusion is more easily located near demand

centres in this context.

Despite difference in any heating system, some core characteristics remain con-
stant [74, 75, 76, 77, 78, 79, 80, 81, 82]. (1) Size: the effect of economies of scale
are significant, whereby the cost incurred to produce the heat is reduced as the size
of the heat source increases. (2) Distance: when the distance between the source of
heat and its consumers is smallest, the losses due to transport are minimised. (3)
Reliability: if the source of heat is prone to periods of shutdown, then backups must
be in place to ensure demand can be met. (4) Load factors: if the source of heat
is cogenerated, then during periods of high demand, load factors have the potential
to increase by 40%. (5) Temperature: depending on the heat efficiency of transport
networks, the source of heat must be able to supply hot water at temperature within

the range 70-130 °C.

See [31] for further analysis on the potential for fusion in district heating.

1.3.3 High-temperature applications

Here details the potential for fusion to be used in high-temperature applications,

such as hydrogen production, process heat, and chemical feedstocks.
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Hydrogen

For the past half century, a hydrogen economy has been pitched as an answer for
fossil fuel replacement [83]. Be it the 1973 oil embargo [84], or the 1990s when
climate change was starting to be considered a key political issue [85, 86], it is still
yet to gain significant traction despite numerous apparent benefits and applications.
Via fuel cells, it can be used in: cars (as demonstrated by Hyundai and Toyota [87]),
industrial vehicles (Anglo American mining trucks [88, 89], CMB.TECH’s delivery
truck and excavator [90, 91]), ships and aircraft (as demonstrated by CMB.TECH’s
passenger ferry [90, 92], and Airbus’s ZEROe concept [93]), the replacement natural
gas as a source of heat [94], the storage of surplus output from wind and solar to
stop curtailment [95, 96], chemical feedstocks [97, 98, 99], and the replacement
coke as a means of extracting metallic iron from it’s ore [100, 101]. Green hydrogen
is considered to be a vital element of the required technology mix for zero-carbon,

and demand temperatures of at least 600 °C [102, 103].

There are four potential methods that a fusion power plant could use to generate nu-
clear hydrogen (NH): Water electrolysis from nuclear electricity [104]. Steam elec-
trolysis using nuclear heat (600-1000 °C) [105, 106]. Thermochemical processes
(600-900 °C) [107, 108, 109, 110]. Reformation of fossil fuels and biomass through
nuclear heat (700-1100 °C) to generate blue hydrogen: together with methane, this
process produces seven tonnes of CO, for every tonne of hydrogen yielded [87, 111],

thus requiring CCS.
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See [31] and [104] for further analysis and on the potential drawbacks on the po-

tential for fusion for hydrogen production.

Process heat

According to the IEA, the industrial sector was responsible for 37% of total final
energy use in 2018, and accounted for 24% of global emissions (8.5 GtCO,). In
order to meet the Sustainable Development Scenario, the industrial sector must de-
carbonise to at least 7.4 GtCO, [112]. It is important to distinguish between the
process emissions from chemical reactions in manufacturing, and fuel consumption.
E.g., iron production which produces CO, regardless of energy source: Fe,O3; +
3CO — 2Fe + 3CO,. In the European Union, high-temperature (>400°C) heat ac-
counts for 26% of demand from industrial processes, with the most significant con-
tribution coming from fossil fuels [113]. In terms of emissions, the process heat
sectors account for 14% of the UK’s carbon footprint [114]. These include: man-
ufacturing of mineral products, food and drink, and iron and steel industries. The
cement industry is responsible for 5-—-6% of total anthropogenic CO,, and about 4%
of global warming [115]. Decarbonisation of transport (such as synthetic fuels) and
other process industries require temperatures 350—500 °C. Such temperatures are
well beyond those of waste heat, providing two broad routes for fusion cogenera-
tion: extraction of high-temperature heat before the turbine inlet, or the electrical
boosting of low-temperature heat. The aforementioned industries encompass the
highest-energy consuming sectors within the UK, making up 50% of total process

heat consumption [73].
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The use of heat in industry can be grouped into 7 main categories [116], all requir-

ing characteristic temperatures and thermal heat supply: basic metals (iron, steel,

aluminium and copper), chemicals (gases, fertilisers, plastics, paints, pharmaceu-

ticals, and detergents), coke and refined petroleum, cement, food and beverages,

non-metallic minerals (glass, ceramic, bricks, lime and concrete), pulp and paper,

wider industry (vehicle manufacture, construction, and textiles).
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Figure 1.7: Temperature distributions of potential non-electric heat applications cre-
ated in Griffiths et al [31]. Inclusive of desalination, district heating, and hydrogen
production processes. Fusion heat extraction temperature data taken from studies from
Ibano [117] and Golfier [118]. See Table 2 for reference data.

Despite a lack of fusion based process heat studies in the literature, analogies can

once again be made with fission [119, 120, 121, 116, 122, 123]. See Figure 1.7 to

visualise how different temperature requirements of these processes match up with
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the fusion heat.

This section has highlighted the potential roles that fusion could play in future en-
ergy systems, if commercialised. Beyond electricity, there are low-temperature and
high-temperature applications. More depth is detailed in [31]. The next section dis-
cusses the potential challenges and uncertainties that fusion faces before it can play

a role as a commercial product.

1.4 Fusion power: challenges and uncertainty

The scope of this thesis is present a method of overcoming uncertainty and improving
decision-making during design phases of fusion systems, with a focus on the chal-
lenges of progressing toward commercialisation in techno-economics. While it does
not provide an exhaustive review of all challenges within fusion technology, these
uncertainties serve as the foundation of the research. By virtue of being widespread
across many topic areas, it is important to summarise areas that are well studied,
and those that require more focus. A study from Lackner et al represents an early
attempt to categorise areas of technology R&D that require attention in order to re-
duce uncertainty [124]. Similar to Lackner, we can break down the challenges into

scientific, technological, economic, safety and regulatory challenges.
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1.4.1 Scientific challenges

These include achieving and sustaining plasma conditions, plasma instabilities, pulsed

and steady-state operation, and the reactivity of alternative fuels.

Achieving and sustaining plasma conditions

In terms of achieving and sustaining plasma conditions, the necessity for sustaining
extremely high temperature conditions to achieve fusion is inherently difficult. In
order to fuse together, ions in the plasma state must overcome the Coulombic re-
pulsion keeping them apart. If the ions come close enough, then they will interact
via the strong nuclear force and fuse. The distance within which the strong nuclear
force dominates, is very small (~1x10~!® meters), and so ions require significant ki-
netic energy to increase the probability of fusion. Such kinetic energies are achieved
through plasma heating. Significant external energy is required to heat the plasma
to make this likely to happen, and maintaining the delicate conditions is challeng-
ing due to energy losses from the plasma. For the aforementioned alternative fuels,
the conditions are even more extreme in terms of temperature, and the reactivity

(likelihood) of achieving fusion is less than for D-T fuel, see Figure 1.2.

To substitute for the high gravitational pressures found in stars, the methods of con-
finement mentioned in Section 1.2 are used. These come with their own unique
challenges to maintain the plasma state. One such challenge for MCF is the impuri-

ties from the helium ash (or alpha particles). These must be removed via a divertor
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(an exhaust) in order to prevent energy losses in the plasma and for fusion reactions

to be sustained.

Concepts of fusion power plants are either steady-state or pulsed in terms of their op-
eration. Steady-state concepts, such as tokamaks, continuously maintain the plasma
state for sustained periods, much like in current fission power plants. The primary
advantage of this being that it provides energy security in the form of always on
baseload power. In addition, the efficiency of a power plant is increased if it is
able to operate continuously. In early pilot plants, tokamak designs are likely to be
pulsed. Pulsed concepts, such as ICF and MTF, on the other hand, involve short
bursts of plasma burning followed by a dwell period to recharge for the next pulse.
This intermittency means continuous operation is not always possible. Some con-
cepts have sought to address this by using thermal reservoirs to store residual heat
and enable sustained electricity generation during dwell periods. Pulsed modes may

therefore be more suited to commercial heat applications. See Section 1.3.

Plasma instabilities

In general, the behaviour of fusion plasmas is complex and can be difficult to predict.
As result, a significant portion of research and development in MCF is dedicated
to plasma control. One of the main reasons to target plasma control is to avoid

instabilities.

Plasma instabilities are another significant challenge. High-temperature plasmas are

prone to instabilities that can disrupt the fusion process. If it becomes unstable, the
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plasma itself could collapse and cause eruptions that are located beyond the cylin-
drical shape that the plasma takes within the tokamak (or stellarator). Maintaining
the stability of this plasma shape is crucial for sustained fusion reactions, as instabil-
ities can lead to disruptions that halt the fusion process and potentially damage the

confinement device.

Due to the extreme plasma temperatures, such eruptions will lead to damage in
the shielding walls of the vacuum vessel. Depending on the choice of shielding
material, the walls could be very expensive to replace and therefore instabilities must
be avoided. Crucially instabilities can lead to significant energy losses, reducing the
efficiency of the fusion process. Ensuring plasma stability is therefore essential not
only to protect the physical integrity of the device but also to maintain the overall

efficiency of fusion reactions.

MCF devices, like tokamaks, struggle with controlling these instabilities, leading
to energy losses. These instabilities are complex and can be difficult to predict,
making it challenging to ensure continuous, stable fusion reactions [125]. Plasma
control remains a significant part of research and development in MCF as a result.
If disruptions cause outages, this is a significant problem [49, 50]. While the exact
frequency of such excursions is difficult to predict due to the complex nature of
plasma behavior, they are expected to occur regularly enough to necessitate robust

control and mitigation strategies.

There are other uncertainties in the plasma that are not fully understood. For ex-

ample, the plasma-3, which is the ratio of plasma pressure to magnetic pressure
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(therefore both a plasma and magnetic parameter), is not well understood in high-53
regimes. It is a measure of the efficiency in which the plasma is confined within
the magnetic field. The higher the /3, the higher the efficiency. This is important
as high-g regimes are often targeted for compact fusion concepts, see below and
Section 2.2 of Chapter 2. Therefore, this thesis explores specific plasma parameters
that present uncertainty in techno-economic assessments. These include plasma-{,
plasma impurities (such as tungsten), and the density of the plasma. Chapters 3

and 4 will explore these parameters and their uncertainties in more detail.

1.4.2 Technological challenges

These include neutron damage and activation, magnetic confinement systems, fuel

cycle and management, and energy capture.

Neutron damage and activation

D-T fusion, while promising, presents a significant challenge: 80% of the fusion
energy is carried by 14 MeV neutrons. These neutrons can cause radiation damage to
the reactor materials, magnets, and the surrounding environment (including power
plant personnel). This creates a waste disposal problem and increases the safety

measures required for operating the power plant [126].

Some materials have been developed specifically to retain their mechanical proper-

ties and minimise radioactivity, such as reduced-activation ferritic-martensitic steels.
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These materials are designed to withstand the harsh conditions inside a fusion reac-
tor, including high temperatures and neutron fluxes, while reducing the long-term
radioactivity induced by neutron activation. Although they do not remain completely
non-radioactive, they significantly reduce the activation levels compared to conven-
tional materials, thereby simplifying waste management to the low level category.
For such steels, thermal operation ranges have been shown to be more limited than
first thought, presenting other performance issues. For example, Eurofer-97, has
a maximum operating temperature of 550 °C, with joining techniques and scaled

production still in development [127].

In terms of a facilities that are capable of testing materials for fusion at the required
neutron intensity and spectrum, none are currently in operation (in public knowl-
edge). There are some proposed facilities that aim to address this need [128, 129].
In absence of materials testing facilities, activation cross-section data from other
nuclear experiments provides the foundation for material development [130]. Ac-
tivation in materials is a challenge negated for alternative aneutronic fuels, D-He?,

and p-B'!, which do not produce neutrons.

Magnetic confinement systems

Devices like tokamaks (and stellarators) use powerful magnetic fields to confine the
plasma. Building and maintaining these systems is technically demanding and costly.
The superconducting magnets needed for these systems must operate at extremely

low temperatures, adding complexity. Some compact fusion approaches, such as
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Commonwealth Fusion Systems and Tokamak Energy concepts, operate with high
plasma-/3. High plasma-3 regimes often demands a stronger magnetic field, which,
in turn, necessitates the use of high-temperature superconducting magnets (HTS
magnets) and robust plasma control systems. In the case of certain proposed HTS
tapes, such as rare-earth barium copper oxide (ReBCO), challenges emerge due to
the scarcity of some constituent minerals in the Earth’s crust. This scarcity can lead
to elevated material costs. Furthermore, the novelty of the technology increases final

prices due to limited industrial infrastructure for large-scale production.

The uncertainty pertaining to these magnet properties therefore presents a signifi-
cant challenge for compact fusion concepts. As a result, this thesis explores specific
magnetic confinement parameters that present uncertainty in techno-economic as-
sessments. These include plasma-g and the strength of the magnetic field in the
toroidal direction (i.e., the long way around the torus, see Figure 1.4). Chapters 3

and 4 will explore these parameters and their uncertainties in more detail.

Fuel cycle and management

Another core component which the fusion community have not yet demonstrated in
a prototype is tritium breeder blankets (TBBs). Tritium is not naturally abundant
and has a half-life of 12.3 years, necessitating its continuous breeding, processing,
and safe handling. Regardless of the need for start-up tritium, lithium is an essential
component in any future fusion blanket technology as the breeder material. It can

therefore be considered as a primary fuel, albeit indirect. Tritium must be bred using
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lithium via Equations 1.8 and 1.9 shown below and in Figure 1.8:

°Li+n — 3He + JT (1.8)

Li+n— 3He+ 3T +n (1.9

Lithium has a crustal abundance of 60 ppm and a global reserve estimate of 80
MT [131]. However, Yongliang et al., find that to support a fleet of D-T fusion
power plants in the long-term may be problematic based on the available current
land-based deposits [132]. However, new lithium reserves have been successfully
prospected, principally due to increased demand for new lithium battery technol-
ogy in electric vehicles [133, 134]. Extracting lithium from the ocean means that
long-term availability of lithium is not problematic. More of a problem is that a
commercial fusion power plant must be designed with a tritium breeding blanket
that can attain a tritium breeding ratio (TBR) of above unity. This ensures tritium
self-sufficiency, as no external source of tritium is expected to be available in quanti-

ties to support a commercial fusion fleet.

Blanket concepts can be solid or liquid and need to be cooled to extract the heat
from the high energy neutrons generated in the plasma, see Figure 1.8. The coolant
could be a gas such as helium or a liquid, such as water. ITER will test a solid
lithium pebble-bed and a liquid water-cooled lithium-lead concept [135]. In self-
cooling concepts, liquid metal (such as LiPb) acts as the coolant [136]. Using liquid

metal as the coolant means higher operating temperatures and more heat extrac-
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tion for alternative applications beyond electricity production. These concepts are
not without their challenges. These include material-liquid compatibility for cor-
rosion, magneto-hydro-dynamic affects, and flow channel design [137]. However,

they could be cheaper to manufacture and maintain [138].

To obtain a TBR of above unity with only lithium is significantly challenging. The first
issue with lithium breeding is that the two stable isotopes of lithium, lithium-6 and
lithium-7, interact with neutrons differently depending on the energy. The fusion
neutrons will need to be moderated within breeding material so that they travel
at energies consistent with the highest cross section for interaction with lithium.
The isotope of lithium that has a higher affinity for producing tritium is lithium-6.
However, as lithium-6 only makes up 7.4% of all natural lithium on Earth, breeding
blankets are expected to require the enrichment of lithium in lithium-6. The cost
of lithium-6 has been estimated at $13,000 per tonne in [139]. However, lithium-6
is not produced at any commercially significant scale and cannot be purchased on
any open markets [140]. Therefore, this cost must be taken as a calculated estimate
only, subject to uncertainty. Historically, lithium-6 was produced for military use
only. In the U.S. it was produced in the order of several hundred tons around the
mid-20th century via the COLEX process. COLEX uses a mercury amalgam, and
today the process is prohibited by the U.S. Environmental Protection Agency and the
Minamata treaty [141]. The future production of lithium-6 is therefore uncertain
due to a new process to produce lithium-6 not yet being established. Furthermore,
it is expected that production facilities and the isotope itself will be subject to export

control, and thus lithium-6 supply can be considered a key obstacle for fusion [140].
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Figure 1.8: The basics of a tritium breeding process in solid and liquids blanket module.
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To add to these challenges, competition for lithium exploration with the EV industry
is likely. The electric vehicle industry has established means to extract lithium, and
fusion will be competing with this industry for the same resources. The EV industry
is expected to grow significantly in the coming years, The global EV share is forecast
to reach 22.1% in 2025, then 44.9% in 2030, increasing to 69.7% in 2035 [142].
This will most likely cause the price of lithium to be dictated by EV demand, at a

potentially heavy cost to fusion.

It is possible to increase the TBR of a blanket by combining lithium with what is
known as a neutron multiplier. These multipliers are elements with special nuclear
properties that can increase the neutron yield. When struck by a fusion neutron, a
neutron multiplier will undergo fission producing two neutrons. Both of which can
then go on to interact with two lithium atoms, thereby doubling the yield. The two
most common elements used as neutron multiplier in fusion blankets are beryllium
and lead. Figure 1.8 shows the fusion reaction between deuterium and tritium pro-
ducing a neutron and helium-4 (note that for simplicity only one neutron is shown
in black). The neutron is multiplied (in this case by lead) and then absorbed by
the lithium blanket, producing tritium and helium-4 (for simplicity only tritium is
shown). The tritium can then be extracted from the blanket and fed back into the

plasma.

Further resource availability concerns arise with respect to these two materials [143].
Lead is abundant on Earth, with reserves estimated at 83 MT [144]. Lead is mined

in considerable quantities, principally for the lead-acid battery market. However,
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beryllium has a low crustal abundance of 2 ppm and the available resource base is
estimated at only 100,000 tonnes, with only around 250 tonnes of beryllium mined
per year globally. Considering that for a 1 GW thermal power plant, approximately
120 tonnes of beryllium is required [145], the current beryllium deposits would be
enough to supply only the first 1000 commercial fusion power plants. The limited
availability raises questions over its suitability long-term, but this is compounded by
the fact that it is also very expensive, difficult to machine and very toxic. Whilst
lead is abundant and supply is not problematic, there are different concerns in the
use of lead-based breeder blankets. Lead is not as effective a neutron multiplier as
beryllium, and therefore requires increased lithium-6 enrichment [146]. It also re-
sults in the production of heavy radioisotopes. These must be handled and therefore

represent a waste challenge.

Developing efficient tritium breeding systems is therefore a significant challenge yet
to be fully solved. The handling and processing of tritium and other fuels present
safety and regulatory challenges. It should be noted that ITER is an experimental
device with no tritium breeding capability, and is thus not representative of a fu-
ture commercial fusion power plant. Instead, what is important is that ITER may

contribute substantially to the exhaustion of already limited global tritium supplies.

1.4.3 Engineering

The uncertainty across engineering parameters of fusion reactors is a significant chal-

lenge. At this stage, experiments go as far as to demonstrate the feasibility of the
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technology, but do not extract useable energy for electricity production. This leaves
key engineering parameters untested and reliant upon computational modelling,

rendering them uncertain.

Energy capture is a significant engineering challenge. The 14 MeV neutrons carry
away most of the energy produced by the fusion reaction. This energy is not easily
converted, either into electricity or some other useful form. Traditional methods
of energy capture from neutrons involve converting their kinetic energy into heat,
which is then used to produce steam and drive a turbine. This is less efficient than

direct conversion methods available for charged particles.

It is still unclear what the nature of the thermodynamic cycles will be for fusion
power plants and hence the impact that high-temperature cogeneration might have
on their operation and economics. Fusion power plants operating at high temper-
atures could have pre-turbine entry temperatures in excess of 600 °C, much like
high-temperature gas-cooled reactors in fission. There would be considerable im-
pact on electrical output due to the extraction of the heat prior to the turbine (much
greater than low-temperature applications). Alternatively, reactors could operate
at lower waste-heat temperatures, and use their electrical output to boost temper-
atures for the application. Optimal arrangements would depend strongly on the
nature of the power plant, the cogeneration application, product pricing and energy
pricing. See [104] and [79] for further analysis on thermodynamic cycles that could

be utilised for fusion.

This thesis focuses specific engineering parameters that present uncertainty in techno-
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economic assessments. These include: geometrics, such as aspect ratio and major ra-
dius; engineering efficiencies, such as the efficiency of pumps that drive the coolant
and the efficiency of the thermodynamic cycle; extractable energy —in the form of
heat- from the blanket, the turbine inlet temperature; the efficiencies of the current
drive and external heating mechanisms; the power flux through the plasma exhaust;
and useable electricity. Chapters 3 and 4 will explore these parameters and their

uncertainties in more detail.

1.4.4 Waste handling, management and safety

In terms of waste handling, the fusion community has often proposed that a clear
advantage over fission is the lack of long-lived waste produced through fusion en-
ergy [147]. Primarily, this is due to the lower radioactive inventory of volatile mate-
rial compared with fission. In fission reactors, the primary contributors to long-lived
(years) radioactivity are fission products. These are the fragments left after a heavy
nucleus splits, and include isotopes such as cesium-137 and strontium-90. These iso-
topes have long half-lives of tens of years and pose significant disposal challenges.
Actinides, such as plutonium and americium, are also produced in fission reactors
and contribute to the very long-term (thousands to tens of thousands of years) ra-

diotoxicity of spent fuel.

In contrast, the radioactive inventory in fusion reactors primarily arises from tritium,
a radioactive isotope of hydrogen used as fuel. The activation of structural materials

in the reactor due to neutron bombardment will produce waste. Fusion then, has
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been suggested to produce at maximum Low-Level Waste (LLW), and therefore avoid
the need long term disposal and associated elevated handling costs of Intermediate-
Level Waste (ILW) and High-Level Waste (HLW). For classifications, see the United

Kingdom Atomic Energy Authority’s (UKAEAs) inventory [148].

One of the most important potential sources of waste from fusion reactors is neu-
tron activated materials from reactor components. A key mitigation strategy to com-
bat this was the development of reduced-activation steels. Confirmed by neutronic
analyses, these show that that use of these steels would result in achieving LLW

criterion [147, 149, 150].

In practice, even with the use of reduced-activation steels in first wall and diver-
tor components, first generation EU-DEMO studies have been shown to produce
ILW [150, 151]. In some cases, levels exceed the volume of [LIW compared with
some fission plants [152], as pointed out by Nicolas et al [37]. In Bailey et al, steel
that experiences plasma level neutron fluxes rarely reaches LLW criterion, with those
more aligned to containment vessels meeting such requirements [153]. Under EU-
ROfusion design specifications, this means that DEMO alone will be responsible for
the production of 1300-1500 tonnes of ILW, and therefore under current UK law, is
subject to management via geological disposal [154]. Unless this law changes, and
the threshold level of waste that requires geological disposal is lowered, fusion could

therefore be faced with similar waste issues to fission.

The UKAEA also acknowledges the production of ILW from fusion, but caveats this by

postulating that it would account for <1% of the UK’s total waste inventory, claiming
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a “significant proportion” would achieve LIW classification after 100 years [155].

The Committee on Radioactive Waste Management CoORWM have outlined what
waste can be expected from fusion power plants, including: the bio-shield (i.e.,
reinforced concrete), reactor components (dependent on the material and degree of
neutron subjection), and lastly tritiated wastes (from cooling systems and fuel cycle
components) [156]. The report acknowledges that both reactor components and
tritiated wastes are likely to be classified as ILW, with those components that require
regular replacement continually contributing to the waste output. The report, along
with another from the UKAEA, states that no HLW is expected to be produced [155].
An important consideration is that more regular replacement may result in those
components at risk of ILW classification achieving a LLW classification instead, but
at the expense of an increase in waste volume, and a decrease in capacity factor. An-
other important consideration is that of the toxic metal content within components
(such as Be), that may result in failure to meet the LLW non-radiological criterion.
Suggested mitigation for these challenges includes that of recycling radioactive ma-
terials in future fusion systems. It is noted that efforts to achieve this may be out-
weighed by economic consequences, and incompatibility of the reused component

in a future, and likely updated power plant [157].

A word on public perception in fusion

Despite potential advantages, there are many that oppose the use of fusion as a fu-

ture energy source. This opposition is usually by virtue of being by linked via term

75



Chapter 1 1.4. FUSION POWER: CHALLENGES AND UNCERTAINTY

“nuclear”, and therefore being confused with fission [158]. It is therefore important
to discuss the studies seeking to understand why this is the case, so that the fusion
community can prepare themselves adequately. Studies that have engaged in ear-
marking how this communication can be improved in order to unburden fusion from

fission are of pivotal importance.

In order to investigate improving communications, [159] used various types of dis-
cussion materials. For media materials, it was found that the scientific concepts
of fusion were confused with fission, concurrent with the findings of Turcanu et
al [160]. In addition, the outlets themselves showed clear bias either for or against
nuclear energy in general, especially in those articles discussing Fukushima, drawing
a parallel with the findings of Schmidt et al [161]. For environmental materials, the
groups found material to be easier to understand than those from other source mate-
rials. This is despite showing clear signs of antinuclear political biases and agendas,
agreeing with the results from [162]. Interestingly, it was shown that the compre-
hension of the scientific aspects of fusion energy amongst the public seemed to vary
with socio-economic status. Further agreements are found from Oltra et al, where
describing fusion as a new technology against fission as old technology produced
positive perceptions [162]. That said, fusion research is into its 70th year, so is in
reality not new at all. These discussions tended to deviate to risk based topics when
initially discussing the benefits of fusion. Internet based sources often attempt to

describe fusion as the opposite process to fission, or the process that powers our sun.

The benefits of public engagement are highlighted in the UKAEA fusion energy reg-
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ulation white paper. The report acknowledges that local community consultations
with developers would increase transparency and education on protection for the
public and the environment [155]. Overall, these findings impress the need to
demonstrate clear communication and honesty with regards to potential risks. These

risks include waste, radionuclides, inherent safety issues.

1.4.5 Policy, regulation, and licensing

The characteristics of the future energy market is pivotal to fusion’s emergence. Have
carbon policies been implemented (conditional on regional/global climate policy)?
When will fusion have a FOAK reactor ready (conditional on fusion R&D)? At what
rate can fusion energy grow and become more widespread, and which countries
will have it first (conditional on reactor cost, regional infrastructure, industrial ca-
pacity and resource availability)? On this, predictions made by Gi et al regarding
countries with high energy demand and low availability for cheap renewable energy
are called into question. This is evident when observing Japan’s recent investment
into increasing their renewable capacity from 19% in 2019 to 24% in 2030 [163].
Additionally, the IEA highlights offshore wind investments that will result in an in-
stallation of 10GW, which is half of Europe’s total current capacity. How competitive
is the cost of fusion compared with other technologies (conditional on the cost of
other technologies)? This is in turn dependent how their cost will change with time,
which is dependent on many things (importantly, government subsidy continuation

via green policies and resource availability). However, it is likely that they will
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only get cheaper. This kind of cheapening with experience of building is known as
a “learning factor”. Will fusion obtain a discount rate for early investments to reduce
capital costs (conditional on government stance on fusion)? What other technolo-
gies will fusion be competing with for a market share (conditional on success of CCS
technologies)? On this, it is interesting that Cabal et al found fission to be one of
fusion’s main competitors. In terms of cost, fission will likely increase with time due

to fuel scarcity and the trending decrease in affinity for fission technologies [42].

The scrutiny that fusion is currently under will affect its regulatory requirements.
Regulation affects the time taken for an industry to come to market. Therefore,
regulation also affects costs via fees to bodies, such as the Nuclear Regulatory Com-
mission (NRC) in the US and Office for Nuclear Regulation in the UK. Some reports
have suggested that bodies (specifically the NRC) employ a regulatory framework
that embodies measured approach, accounting for risk in long and short term, avoid-
ing the scrutiny of fission [164]. The Nuclear Innovation Alliance (NIA) suggests that
the NRC make significant reforms to their regulatory framework, thereby reducing
fees for new license fee applicants [165]. Although the NIA does not mention fusion
specifically, reforms such as these drive toward low-carbon nuclear energy and aligns
with the climate goals of the US. Other studies have suggested that, despite possess-
ing different risks, fission’s inherent safety culture should be transferable to fusion
as basis for future development, especially in SMRs [126]. Recent consultation on

new nuclear development in the UK (including SMRs) bolsters this assertion [166].

As mentioned in Section 1.3, it is not straightforward to predict the severity of cli-
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mate change mitigation and accompanying policies in future scenarios. The main
reason for this is because there exists only one policy that bridges multiple nations
towards a common goal, and that is the Paris Agreement. In theory, this policy is
seen as pivotal to the global efforts of combating climate change. Recalling that fu-
sion’s emergence as a commercial technology is likely best achieved when climate
change mitigation drivers are in place, this policy faces challenges in practice. It
becomes impractical when attempting to investigate the optimum role of potential
breakthrough technologies such as fusion. See Figure 1.9 for a comparison of carbon
emissions for competing low-carbon technologies, including estimates for fusion.
Note that emissions from fission are larger than fusion. This is due to the amount of
concrete required in construction, and other stages of the nuclear fuel chain: min-
ing, milling, fuel fabrication, enrichment, decommissioning and waste management

which all use fossil fuels.
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Figure 1.9: A comparison of carbon emissions for competing low-carbon technologies,
Griffiths et al [31]. See Table 3 for reference data.
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1.4.6 The cost of fusion

Here we discuss the cost of fusion, and the uncertainty that surrounds it. The cost
of developing and building fusion power plants is likely to be high. The long devel-
opment times and the uncertainty surrounding many areas of the technology (e.g.,
plasma conditions, magnetic confinement, breeder technology) make it difficult to
attract investment. Especially when estimations of cost rely on assumptions in the
aforementioned uncertain topic areas. High capital costs that will be required, com-
bined with the uncertainty surrounding their commercial viability, make it challeng-
ing to secure funding for research and development. For in-depth analysis on the
potential cost of desalination, district heating, hydrogen and process heat applica-

tions, See [31].

What is meant by the term cost? This is important to consider, as studies have inter-
preted this in a variety of ways. Firstly, cost is either internal, (i.e., those relating to
contributions from manufacture, operation and maintenance, fuelling and decom-
missioning that affect the cost of electricity (or other entity)), or external, (i.e., those
that are not manifested in consumer payments, such as health and environment). For
example, early studies from Ward et al and Cook et al assume fusion’s external costs
to be minimal, and therefore postulate that total costs are encapsulated by internal
costs alone [167, 168]. Note that we can define capital cost as the “overnight” cost
of building the plant. This is the cost of building the plant if it were built overnight,

and does not include interest on loans or other financial costs.
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Electricity

In order to predict fusions economic competitiveness as a producer of electricity
with other technologies, costing studies often seek to estimate a Levelised Cost of
Electricity (LCOE) [169]. This is simply the ratio of total cost and total energy

output over the lifetime of a reactor:

_ n LMt F
sum of costs over lifetime D1 i

sum of electrical energy produced over lifetime Yoy (lf—’;)t

(1.10)

LCOE =

where I, is the investment expenditures in the year ¢, M, is the operations and main-
tenance expenditures in the year ¢, F; is the fuel expenditures in the year ¢, E, is
the electrical energy generated in the year ¢, r is the discount rate, and n is the ex-
pected lifetime of the system, with units of mill/kWh (a mill is equal to 1/1,000 of
a U.S. dollar, or 1/10 of one cent. Mills per kilowatt-hour (kWh) equals dollars per

megawatt-hour (MWh)).

Discounting is a financial mechanism used to compare costs and benefits that occur
at different times. It reflects the time value of money, i.e., a dollar today is worth
more than a dollar in the future due to its potential earning capacity. The discount
rate, r, is used to convert future costs and revenues into present values. A higher dis-
count rate reduces the present value of future cash flows, making long-term projects

appear less attractive. Conversely, a lower discount rate increases the present value
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of future cash flows, making long-term investments more appealing. In the context
of LCOE, discounting ensures that the costs and energy outputs over the reactor’s
lifetime are appropriately weighted, providing a more accurate measure of the eco-

nomic viability of the energy project.

While LCOE is useful for comparing different energy generation technologies cost-
effectiveness, it has several limitations. A clear strength of LCOE is that it provides a
standardised way to compare the costs of different energy sources on a per-kilowatt-
hour (kWh) basis, making it easier to evaluate the economic viability of more than
one technology. However, there are limitations. Firstly, it is not necessarily true
that all kWh are equally valuable. The value of electricity can vary depending on
other factors, such as the time of day, season, and demand. For example, electricity
generated during peak demand periods is more valuable than electricity generated
during off-peak periods. LCOE does not account for these variations. Secondly,
LCOE focuses solely on the cost side of electricity generation and ignores the revenue
side. This can be problematic because the price of electricity can fluctuate based
on market conditions. For instance, the cost of wind energy might be low, but if
the price of electricity is negative due to oversupply, the low cost is not necessarily
beneficial. This is particularly relevant for renewable energy sources, which can
have variable and intermittent outputs. Additionally, LCOE does not account for
the integration costs associated with renewable energy sources, such as the need
for backup power, grid upgrades, and storage solutions to manage variability and

ensure a stable supply.
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A reminder that the estimates quoted here are just that, estimates. Many of them
made in the 1990s, and rely on sweeping assumptions. It is useful to use them as
examples of how one assumption can radically change the financial outlook of fu-
sion. Initial estimates suggested that upon entry to the market, fusion’s LCOE could
be similar to competing technologies [170]. Subsequent studies have shown a large
range of values varying from 40-165mill/kWh. For comparison, initial LCOE val-
ues for renewables and their corresponding studies are also given. See Figure 1.10
for a graphical representation of this reference data. We plot the LCOE of fusion
against the time of the estimate in the literature, which shows a shallow gradient.
The shallow gradient of fusion LCOE should not be confused with a learning factor
after FOAK, see Chapter 2. A learning factor is a measure of how much the cost
of a technology decreases with each doubling of cumulative production. This has a
time element, but is not dependent on time, which the figure may imply if not read

carefully.

Entler et al estimated that a second generation DEMO-type plant would achieve a
Net Present Value (NPV) equal to initial investment: $312 mills/kWh [171]. NPV
is a way of measuring profitability in economics by accounting for interest rates. It
is the difference between the present value of incomings against outgoings, where
positive values indicate financial benefit for the investor, and negative values indicate
financial loss [172]. Furthermore, taking data from the study assumes that fuel,

waste disposal and decommissioning represent 3% of total cost of electricity [173].

Attempts to place a valuation on fusion energy are also available from Turnbull et
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Figure 1.10: The estimates of LCOE in the last two decades, compared with other
technologies, Griffiths et al [31]. See Table 1 for reference data. The shallow gradient
of fusion LCOE should not be confused with a learning factor after FOAK.

al, who through modelling, quote anywhere between zero and $30 trillion [174]
—representing a large error bar. It is found that valuation is strongly dependent on
the success of CCS and fission, where increases in the capacity of these technolo-
gies see fusion’s valuation lowered. Similarly, valuation significantly increases with
accelerated timescales of materialisation and aggressive carbon policies. These find-
ings align with the findings of market share studies mentioned in Section 1.3 [175,
39, 42, 41, 163]. Other costing methods in literature include those that take a
top down approach, such as those conducted by Lopes Cardozo et al in 2016 and

2019 [45, 176]. See [31] for further discussion on the cost of fusion electricity.

Looking beyond LCOE estimates, both [44] and [177] investigate similar design pa-
rameters such as energy confinement, cooling systems, and construction materials.

This leads to withdrawal of a useful comparison between the capital cost’s share in
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LCOEs [44, 177]. For Chuyanov et al, this was 88% and for Waganer et al it was
75%, the main difference for the former study being that the modularity and inter-

changeable components of the reactor lead to accelerated effects of learning factors.

The nature of making performance predictions about an unrealised technology means
that input parameters to these cost estimates are simply assumed as per the vendors
design specification, rather than being based on empirical experimental evidence.
The capacity factor is one such parameter that is often assumed, and is a measure of
how much electricity a plant produces compared to its maximum potential output.
For example, Chuyanov et al cited a capacity factor of 95%, whereas Delene et al
assumed a capacity factor of 80% [44, 178]. By remembering that fusion is yet to
achieve engineering energy gain experiment, it is possible to see why quoting such

high capacity factors can be seen as overly optimistic.

In a similar vein, construction times estimated across literature could be considered
under-estimated. For instance, [171] quotes a 1 GWe reactor construction time of 6
years, and [178] 10 years for a 3 GWe reactor. Note that the schedules put forward
in these studies presume efficient manufacturing processes and industry backing,
i.e., they will be constructed by energy companies. This means that any scrutiny lev-
elled towards them from comparisons with public research facilities with no investor
schedules, should be judicious. In addition to this point, they will also be functioning
to provide electricity to the grid and will not be a preliminary science experiment.
ITER will have a thermal output of 500 MWt, 1/6th of the capacity used in the study

from Delene et al [178]. However, larger thermal outputs do not necessarily mean
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larger construction times. Therefore, the time for construction will most likely come

down to engineering complexity.

We can estimate how the most uncertain components might impact the cost of a
fusion reactor. Due to a number of factors, costs are high and reduction pathways are
challenging in TBBs [179]. Costs of breeder blankets could also be driven up by the
necessity for remote handling during replacement of components upon depletion of
lithium. ITER (comparatively small compared with EU-DEMO [180]) will possess 80
blanket segments that will weigh up to 80 tonnes and be 12.5 m long. Beyond ITER
in machines that will produce electricity, replacement of plasma facing components
could take on the order of months of non-stop work, reducing overall capacity factor,

therefore directly affecting the cost of electricity [181, 182].

The fuel cycle of fusion power plants are rarely considered within costing studies in
the existing literature. As an example, Tokimatsu et al assume it not important to
account for a fusion fuel cycle due to the self-perpetuating nature of breeder blan-
ket technology. In other words, a commercial D-T plant is automatically assumed to
breed its own fuel by starting with only a D-D initial fuel mix [183], [184], [39].
This presumes that tritium is not necessary for the start-up process. However, most
assessments suggest that an external source of tritium will be required for start-up.
For instance, Chuyanov et al find that approximately 4 kg of tritium is necessary;
constituting 4% of the total capital cost of their particular concept, at a cost of $140
m [171]. Glugla et al project that ITER may require 18 kg of tritium along course of

its operation [185], and thus could represent a significant issue for supply in future
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development [186, 187]. However, it is noted that ITER is an experimental device
with no tritium breeding capability, and is thus not representative of a future com-
mercial fusion plant. Instead, what is important with ITER using such a significant
quantity of tritium is that it may contribute substantially to the exhaustion of already

limited global tritium supplies.

The potential impact of non-conventional confinement methods on cost

Some fusion experiments are attempting fusion without using tokamak MCF meth-
ods. The main reason for this is because the designs being investigated are (in some
cases) aneutronic, and (in theory) could be more efficient, cheaper, and simpler.
Predominantly, these experiments are being conducted by private sector enterprises,
such as General Fusion (not aneutronic), TAE Technologies, and Helion Energy. All
three of these are utilising a combinatorial form of fusion, merging magnetic and
inertial methods via MTF and FRC (see Section 1.2). How do these methods present

such advantages are there any caveats?

1. Aneutronic systems reduces challenges associated with neutron irradiation.
This means that damaging phenomena such as ionising radiation, sputtering,
embrittlement, erosion, cracking and neutron activation in reactor components
and materials are decreased. Dealing with these challenges represents a signif-

icant cost driver systems.

2. Efficiency: there are two branches to this: plasma efficiency, and energy gen-

eration. (1) Plasma efficiency refers the the quantity 3, or normalised plasma
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pressure, which is the ratio of plasma pressure to magnetic pressure. It is
a measure of the efficiency in which the plasma is confined within the mag-
netic field. The higher the §3, the higher the efficiency. High-5 plasma regimes
are achieved in these non-conventional systems. A high-5 regime is a desir-
able feature in fusion systems because higher economic power balances are
obtained [26]. STs, such as Tokamak Energy’s ST-40 are also able to achieve
high-4 [188]. This parameter is explored as once of techno-economic impor-
tance in Chapter 2. (2) As explained above, aneutronic systems release the ma-
jority of fusion energy to the product ions, rather than neutrons. Because the
ions are charged, direct energy conversion from the ion’s kinetic energy into a
voltage could be exploited, however this technology is yet to be proven. Thus,
the need for thermodynamic, Rankine-type steam turbines, complex cooling

systems and corresponding energy losses are negated.

3. Low-cost: this does not imply that fusion will be cheap, and should be taken as
low-cost compared to MCF tokamaks using D-T fuel. The theoretical decrease
in costs mostly arises from the aneutronic systems, namely because this would
result in less requirements for remote handling, reactor maintenance, biologi-
cal shielding, and safety. These aspects will be sure to incur significant costs,
both capital and ongoing. In MTF systems especially, very high fusion power
densities can be achieved. This means, we assume the capital cost of a system
scales with size, that in theory, a smaller system can be used and capital costs
can be reduced. Smaller and more modular systems (e.g., a 50 MW machine)

are better suited to decentralised energy grids, and are also more suited to
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urban settings than larger power plants that will take up more space. Other
reasons arise from the absence of powerful and expensive low-temperature
and or high-temperature superconducting magnets to contain the plasma, as
in conventional MCF systems. However, there is potential cost incurred for

achieving higher plasma temperatures, see below.

4. Simple: this advantage is often synonymous with low-cost, where a simpler
system will (usually) cost less, and take less time to manufacture. For example,
systems that will use fuels without tritium, a scarce, non-naturally occurring
and therefore expensive substance, are said to be more simple. This is because
they will negate the need for a breeder blanket, therefore cost less as a result.
That said, helium is not a readily available fuel, and there will be difficulty in
acquiring the He® and therefore significant cost in D-He? systems. In addition,
we can refer to Figure 1.2 where it is possible to see that the Lawson criterion is
harder to achieve in aneutronic systems, due to higher temperatures required

for fusing these fuels.

None of these advantageous theories have yet been put into practice. Not because
the experiments have not been able to achieve their goal, but because a working pro-
totype is yet to be built, and roadmaps and milestones must first be completed. There
is therefore a gap in research for techno-economic analyses of non-tokamak MCF fu-
sion, especially within these private sector companies that are proposing advantages
mentioned above. Why is there so little publicly available research from private

sector companies? Intellectual Property. According Carayannis et al, a total of 163
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patents have been filed by the FIA member companies. 112 of these came within
the last 5 years [189], falling under ~20 different patent classification codes. This is
a good example of technology diversification and progress in research development
pathways for these potential leapfrog companies, and thus for fusion commercialisa-
tion. However, looming uncertainty prevails over unanswered socio-economic and

geo-political questions in fusion [190].

1.4.7 The timescales of fusion

Studies attempting to estimate the when for fusion come in a variety of forms. For
example, rather than making a prediction for an exact date of fusion commercial-
isation, we might seek to answer a broader question, such as the role and market
share. It is also important to outline what we mean by see. Some will deem this to be
when there is a sustained plasma burn with a Q>1, others when there is delivery of
electricity to the grid from a power plant. Refer to the Fusion Development Pyramid

in Figure 1.3 for a visual representation of these stages.

It is therefore important to state that roadmaps from developers, both public and
private, are not considered to be credible sources for timescales of fusion. Many
developers have published pathways to commercialisation that are a moonshot ap-
proach. This means all milestones are achieved with no showstoppers, or delays,
and assume that there is adequate funding for all the activities at each step. Often,
this also requires support from national laboratories. That is not to say that that

the timescales are unachievable, but these are often optimistic in order to attract
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investment and are lacking in accompanying data that back up predictions.

An overlooked assumption in other studies are construction times. Lackner et al,
state ITER’s as 8 years, now proven to be erroneous [124]. The same estimate is
given for DEMO which has no finalised design specification, as will have four times
the thermal output of ITER. DEMO’s design is more complex in terms of physics and
engineering, and it is larger, therefore casting further doubt on timescales produced

in initial roadmaps.

A construction time of 10 years, (as quoted in several studies [124, 41, 44, 42]),
engenders the prevention of improvements in reactor iterations [176]. This is be-
cause investors would be required to order new iterations of reactors prior to the
completed construction of it is predecessor. To add to construction uncertainties,
Lopes Cardozo’s study highlights that there is a finite level at which fusion can grow,

and this is dependent on the reactor lifetime [45].

Conversely to the public sector, private sector developers are iterating fast. Through
a combination of private funding and a desire to explore alternative fusion pathways.
As a result, a paradigm shift towards “agile innovation” has been triggered, revisit
Section 1.2. This is enabling them to develop and implement the latest technology
available to them by focusing of building machines and facilities quickly [12]. Exam-
ples of such practices are shown by TAE Technologies [28], Commonwealth Fusion

Systems [191], and Tokamak Energy [192].

In summary, construction times of power plants are often optimistic, falling short

of considering the advancements in physics and engineering parameters required
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for upgraded new builds. This results in a warped perception of the scaleability of
fusion capacity from FOAK power plants to commercialisation. In order to upscale
infrastructure for economic commercialisation, supply chains must be ready. This
will ensure consistency in vital topic areas such as: construction times and reactor

lifetime, component replacement capacity, and new power plant iteration timescales.

1.4.8 Conclusions

The preceding sections provide a comprehensive overview of the socio-techno-economic
uncertainty surrounding fusion research, and how they might affect its commerciali-
sation. Principally, topic areas have targeted uncertainties around the optimum role

of fusion, how much it will cost, and when it will be commercial.

Despite record investment and progress in fusion research, commercialisation re-
mains a significant challenge. How should fusion power be used in a low-carbon
future energy system? The primary issue is the lack of a clear pathway to commer-
cialisation, i.e., the transition from successful experiments to scalable, economically
viable, and reliable energy generation from power plants. This involves not only
overcoming the aforementioned technical challenges and uncertainties, but also es-
tablishing the necessary regulatory, financial, and industrial frameworks to support

widespread adoption of fusion technology.

Without a well-defined plan that addresses these aspects, fusion power may struggle
to make the transition from experiments to power plants. Due to delays, the public

approach to fusion, i.e., ITER—DEMO, will now certainly not lead to commercialisa-

92



1.4. FUSION POWER: CHALLENGES AND UNCERTAINTY Chapter 1

tion before 2050. This means public fusion will not assist in the green transition. In
ITER especially, delays and cost overruns have led to a decrease in confidence in the

project.

On the other hand, fusion start-ups are optimistic in their timescales to achieve
fusion, with some claiming electricity production to be reached by the 2030s. Such

optimism does not alleviate the private sector approaches from uncertainty.

The challenges outlined in Section 1.4 result in considerable uncertainty in fusion
technology. In order to overcome challenges, it is therefore important to address un-
certainty in research and development. Moreover, addressing economic challenges
necessary to reach Level 4 of the Fusion Development Pyramid (see Figure 1.3) re-
quires techno-economic analyses of fusion power approaches. Plasma physics and
engineering challenges have the potential to impact the cost of a fusion machine.
We know that the cost will be very important to the emergence of fusion, especially
when making estimates to attract further investment from private and public sec-
tors. Without a prototype, the cost of fusion is difficult to estimate, and therefore
these estimates rely on assumptions from uncertain areas. This means that better
decision-making in the design of fusion systems requires a method that is able to

deal with the uncertainty. See Figure 1.11.

In the next section, we will outline the research focus of this thesis, given the context
provided in the previous sections. We will highlight research questions that arise
in addressing uncertainty in fusion technology development, especially in techno-

economics.
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Figure 1.11: An example of how uncertain parameters in fusion technology develop-
ment can impact the cost of a fusion machine.

1.5 Research focus

If there is no working fusion prototype, how are predictions made about fusion sys-
tems? There is a need to emulate how fusion systems might behave, and this can be
done using computational analytical models. But, these analytical models are com-
monly deterministic in nature. This summarises the problem we are trying to solve
in this thesis: when the transition is made from fusion experiments to powerplants,
there is a reliance on deterministic decisions in the design of fusion systems. Be-
cause fusion is very uncertain, there is therefore a lot of epistemic uncertainty in the
predictions of these deterministic models, which can lead to poor decision-making.

See Figure 1.12.

Uncertainty in fusion technology development can be broadly categorised into two
types: epistemic uncertainty and aleatory uncertainty. Epistemic uncertainty arises

from a lack of knowledge or information about a system. It is reducible through further
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Figure 1.12: An example of black-box deterministic decision-making in fusion technol-
ogy development.

research, data collection, and improved modeling techniques. Examples of epistemic
uncertainty in fusion include uncertainties in plasma behavior, material properties,

and engineering design parameters.

Aleatory uncertainty, on the other hand, is inherent variability or randomness in a
system. It is irreducible and arises from natural variability in processes or environ-
ments. Examples of aleatory uncertainty in fusion include fluctuations in fuel supply,

variations in operational conditions, and random failures of components.

By means of an example, we might be concerned with the lifetime of a fusion ma-
terial. There is no prototype machine, and therefore analytical deterministic models
are used to predict the lifetime. However, these models are based on assumptions,
making them and their predictions uncertain. A developer might have a budget con-
straint for a given system and may want to make a decision on where to allocate
resources in the design phase. If the lifetime of the material is uncertain, the devel-
oper will not be able to make a good decision in the face of uncertain information
on whether to spend more resources on the material or to spend them elsewhere.

This is the kind of situation we are trying to address in this thesis.

Techno-economic assessments provide a quantitative evaluation of the technologi-
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cal feasibility and economic viability of a tool. Modelling is key in techno-economic
assessments to simulate fusion systems. It allows the prediction of outcomes for dif-
ferent design scenarios, which is important for technologies that are not yet realised.
By allowing for the examination of different variables and assumptions, it helps to

understand how changes in these factors could impact the overall system.

Addressing uncertainty is a core component of techno-economic analyses for unre-
alised technologies such as fusion. It provides an understanding of the sensitivity
of results to changes in the modelling parameters. This thesis focuses on mak-
ing uncertainty-aware techno-economic assessments of fusion power plant concepts.
Specifically, we aim to advance decision-making processes by using reasoning to ad-
dress the associated uncertainties in techno-economic parameters highlighted in the
preceding sections. These include (but are not limited to) parameters in plasma
physics (such as (), engineering (such as aspect ratio), and economic parameters

(such as capital cost).

In the initial stages of the research, our RQs read as follows:

* Initial RQ1: How can we make better decisions about the techno-economic design

parameters of fusion pilot plants whilst accounting for uncertainties?

* Initial RQ2: What are the impacts of implementing uncertainty-aware techno-

economic models on the decision-making process for fusion energy projects?

However, through the course of this research, we believe the original framing of the

research questions does not fully capture the scope and contributions of the work.
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Instead of asking how to make better decisions broadly, we refine the questions to
emphasise the specific contributions of probabilistic methods in addressing uncer-

tainty, and where the potential impacts may lie:

* Revised RQ1: How can we use probabilistic methods such as Bayesian network
meta-models to help reason over epistemic uncertainty in early design phases of

fusion pilot plants to help with decision-making?

* Revised RQ2: Where are the potential impacts of implementing probabilistic
methods, such as Bayesian networks on the decision-making process for fusion

energy projects?

These revised research questions more accurately reflect the methodological and ap-
plied contributions of this thesis, shifting the focus from general decision-making
under uncertainty to the specific role of Bayesian networks in addressing these chal-

lenges.

In terms of the approach to fusion, this thesis focusses on magnetic confinement in
STs. The focus is owing to compact size, potential for high power density and promi-
nence in the private sector of fusion development, see Section 1.2. Techno-economic
assessments of STs are limited, and the uncertainties in these studies are not well
understood, especially from a geometry, plasma performance, and engineering per-
spective. Significant questions remain for proving the technology before a commer-
ical pathway can be chosen. A breakdown of how the chapters therein address the

research questions outlined above is provided below in the research approach.
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1.6 Research approach

At present, the uncertainties across fusion studies are addressed using quantification
methods, such as Monte Carlo simulation. Whilst these methods are relevant to

address uncertainty, they are not able to provide reason in the face of it.

We argue that making decisions in complex and multi-dimensional design spaces
(such as fusion), while maintaining flexibility in the parameters, can be analogised
to reasoning through uncertain problems, as discussed in [193]. Decision-making
in engineering design spaces requires reasoning with understanding and informa-
tion. Further, decision-making in a field of transition from fusion experiments to
fusion power plants requires a balance of engineering performance and favourable
economics. In this light, we view a probabilistic representation of techno-economic
uncertainty as an appropriate tool for better decision-making and optimising the

design process in fusion technology towards commercialisation.

This thesis therefore seeks to develop a proof-of-concept approach for reasoning over
uncertain and economically important fusion parameters, enabling a probabilistic
representation of uncertainty. By providing this representation, the tool can guide
fusion engineering and design, as well as inform policy and investment decisions for
developers. Our approach focuses on refining and optimising existing fusion power
plant designs rather than developing entirely new concepts from scratch. In light
of the research questions and in addition to the objectives already laid out for this

chapter, the remainder of this thesis has two main research objectives (ROs). These
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are as follows:

* Objective 1: Develop a Bayesian network meta-model approach to uncertainty

in techno-economic assessments of fusion power.

* Objective 2: Implement and test the meta-model approach to assess its im-
pact and how it can be used as a tool by developers to aid in decision-making

towards a commercially viable concept.

We present relevant sensitivity methods in conjunction with a newly developed BNM
approach within the field of machine learning. Probabilistic methods of this na-
ture serve as meta-models for analysis codes that are the usual method for techno-
economic modelling. One aim of a surrogate model is to bypass the computational
expense in complex, high-fidelity deterministic models. In our case, a BNM does not
do this, and thus it is not a surrogate model in the traditional sense. We therefore
use the term, “meta-models” instead. Our model has the advantage of reasoning
over uncertainty using probabilistic inference. We do not want to rely purely on
deterministic models and therefore make purely deterministic decisions on where to
allocate our resources for development based on these example parameters, see Fig-
ure 1.13. A proof-of-concept methodological framework for implementing the BNM
as a tool is presented and tested in two case studies. BNMs can add significant value
in addressing epistemic uncertainty by providing a probabilistic framework that in-
corporates prior knowledge and updates beliefs as new data becomes available. This
allows for more informed decision-making and better management of uncertainties

in the design and development of fusion systems. While BNMs can help quantify and
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Figure 1.13: Avoiding making purely deterministic decisions with a deterministic model
and instead making uncertainty-aware decisions using our Bayesian network meta-
model.

manage aleatory uncertainty to some extent, their primary strength lies in address-

ing epistemic uncertainty.

The framework has been designed such that the tool may be used on any uncertain
problem. By using the framework in this way, uncertain fusion design spaces may be
better understood and optimised. Such analyses are complex, requiring the bringing
together of fields such as physics, engineering, economics, and policy. The content
of this thesis aims to bridge these disciplines to provide an understanding of the
uncertainty in fusion development and how it can be addressed. Our meta-model has
the added benefit of being executable on common desktop machines, and is therefore
accessible to a wide range of users. In our analysis, no high-speed supercomputing
power is required. It is written in Python, and has the potential to be made open-

source via this author’s GitHub repository.

1.6.1 Cost drivers in spherical tokamaks

In Section 1.2 STs are highlighted as a potential MCF approach for fusion power
plants. Current techno-economic studies for pilot-plant ST concepts are limited, and

the uncertainties in these studies are not well understood. Significant questions
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remain for proving the technology before a commerical pathway can be chosen. We
use design basis from the Fusion Nuclear Science Facility (FNSF) spherical tokamak
concept to devise an adapted ST design for a future type pilot plant [194]. See

Figure 1.14 for a schematic of the FNSF ST.
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Figure 1.14: A schematic of the FNSF ST concept, a design basis for the adapted ST
concept in this thesis, taken from [194].

Chapter 2 addresses problem by conducting techno-economic analysis of the adapted
FNSF ST concept, using sensitivity methods to narrow down the potentially impor-
tant techno-economic parameters in the design. A UKAEA fusion systems code mod-
els the ST concept. We seek to quantify the uncertainties in the techno-economic

analysis and identify the key cost drivers.
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From a technological perspective this involves identifying the optimal ranges for
plasma physics and engineering parameters. Linking these parameters to drivers of
costs in fusion power plants, and quantifying the uncertainty in these costs provides
an economic perspective. An LCOE is calculated and compared with other energy

sources on the market with variations in capacity and learning factors.

By using the sensitivity analysis as a screening tool, the research aims to identify the
most impactful parameters in the techno-economic analysis of STs. In doing so, a
design basis is provided for the development of the BNM. The design basis enables
the BNM to be built, tested, and validated using the set identified cost drivers from

the sensitivity study.

1.6.2 A meta-model approach to uncertainty using Bayesian net-

works

Typical surrogates for fusion systems do not allow the optimisation of uncertain pa-
rameters through reasoning. In Chapters 3 and 4, the development of a probabilistic
approach using BNMs, is argued as a solution to this problem. The aim is to en-
able flexibility in the management of uncertain information in fusion parameters.
In doing so, we allow for efficient handling of epistemic uncertainties, improving
decision-making and offering a design guide to developers. By using BNMs, devel-

opers can identify the most impactful parameters and focus on limiting them.

In Chapter 3 the application of Bayesian networks (BNs) as meta-models is intro-
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duced. The research outlines a methodological framework for the application of
BNMs, employing BNs as meta-model tools to optimise uncertain ST pilot-plant de-
signs. A preliminary study is conducted to assess the feasibility of the BNM approach
in fusion technology development. A subsequent fusion specific proof-of-concept is
presented, where the BN meta-model acts as an emulator for the same systems code
used in Chapter 2. Methods of validation and hyperparameter calibration are also
developed and optimised. The BNM is tested in a proof-of-concept study to assess its

performance in a fusion-specific context.

In Chapter 4, the BNM framework is applied to an industry case study with Toka-
mak Energy. The techno-economic implications of an early fusion power plant are
assessed against criteria set by the US Department of Energy. The study informs
design decisions, and addresses uncertainties, therefore driving transformative and

real-world impact.

1.7 Thesis structure

The remainder of this thesis is structured as follows:

Chapter 2: provides a techno-economic analysis of spherical tokamaks, and identi-

fies of cost drivers in such concepts.

Chapter 3: introduces meta-model approach to uncertainty using Bayesian networks

in techno-economic models of fusion power.

Chapter 4: presents a case study implementation of the BN meta-model approach
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with Tokamak Energy.

Chapter 5: provides a summary of the research and recommendations for future

work.
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Cost drivers

The Introduction outlines the challenges and characterises the uncertainties in the
deployment of fusion power towards commercialisation. The objectives of this chap-
ter are threefold. Using sensitivity methods, we aim to: (1) identify cost drivers, (2)
screen the most important parameters, and (3) highlight the uncertainty rendered
in an economic assessment of a spherical tokamak pilot plant concept. The concept
plant is derived from a previous design and then adapted for analysis in a deter-
ministic model (see Section 2.3.1). See Figure 1.14. In completion of these aims,
a set of economically important drivers is provided for the development of a proof-
of-concept Bayesian meta-model in Chapter 3. Specifically, the meta-model is built,
tested, and validated using the same set of identified cost drivers from the sensitivity
study. It is important to note that the point of reference in this thesis is not real-world
data, but rather a deterministic model. Using sensitivity methods to screen parame-
ters in this way is analogous to the first four steps of the methodological framework
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introduced in Chapter 3 (refer to Figure 3.20).

Aspects of and content presented in this chapter has been published in the peer-
reviewed publication, Nuclear Fusion, an International Atomic Energy Authority

journal by the Institute of Physics:

* Hidalgo-Salaverri, J., Griffiths, T., Conti, Z. X., Cano, P., Chacartegui, R.,
Bluck, M., Ayllon-Guerola, J., Mancini, A., Garcia-Munoz, M., & Viezzer, E.
(2025). Hybrid hydrogen-electricity production using Spherical Tokamaks: a
cost-driver sensitivity study and techno-economic analysis. Nuclear Fusion.

https://doi.org/10.1088/1741-4326/ADAA01.

As part of the economic assessment (using screened parameters), we outline three
techno-economic scenarios, optimistic, intermediate and conservative. These sce-
narios increase in techno-physical complexity when moving from the conservative to
optimistic cases. For each scenario, there is a set of physics and engineering input
parameters with a given value, and a corresponding capital cost. The economic fea-
sibility of the power plant scenarios has been explored for a set of learning factors
that consider the cheapening of the capital costs tied to experience. Remember that
we define capital cost as the “overnight” cost of building the plant. This is the cost of
building the plant if it were built overnight, and does not include interest on loans

or other financial costs.

This chapter is structured as follows: Section 2.1 introduces the ways in which

we can emulate reactor behaviour using systems codes. Section 2.2 provides an
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overview of the STs as an approach to fusion and their advantages. Section 2.3
introduces the sensitivity analysis, including the Morris and Sobol methods. Sec-
tion 2.4 discusses an economic assessment of the ST concept, before, Sections 2.5

and 2.6 concludes and summaries the findings.

2.1 Emulating fusion power plant behaviour

A reminder that if there is no working fusion prototype, then there is a need em-
ulate how fusion systems might behave, and this can be done using computational
analytical models. These models are deterministic in nature, leading to a reliance
on deterministic decisions in the design of fusion systems. There is therefore a lot
of uncertainty in the predictions of these deterministic models, which can lead to
poor decision-making. Regardless, these models are still useful in the early stages
of design, where they can provide a good starting point for further analysis. It is
within one of these analytical models that we will be adapting the ST concept (see

Section 2.3.1), and conducting our sensitivity analysis.

Computational models emulate the theoretical behaviour of a fusion system. This
is done by taking data from experiments and expert knowledge to decide on the
input parameters and their values, before applying them analytically in a model.
See Figure 2.1 These models often combine multiple analytical models to emulate
a component or a whole system. By picking an initial set of input parameters, it
is possible to set appropriate ranges for them to be varied in a sensitivity analysis.

Four our purposes, we must therefore answer two questions: (1) what systems code
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How do we make predictions with no prototype?
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Figure 2.1: Showing black-box nature of deterministic models used to emulate the
behaviour of a fusion system [195].

(or codes) do we use and (2) what input parameters are important to us from a

techno-economic perspective?

Fusion systems codes can find design points that adhere to physical laws and tech-
nological constraints. These codes may have architectures that are based on either a
numerical optimiser or a database. Database models run on a large number of inputs
in a high dimensionality space and constraints are applied after the code is executed.
Numerical optimisers identify a near-optimal starting point for high-fidelity design
whilst simultaneously satisfying a set of constraints or maximising a figure of merit.
Examples of these codes include, but are not limited to, PROCESS [196, 197, 198],
SYCOMORE [199], and ARIES [200]. PROCESS is a systems code used for the
conceptual design of fusion reactors. It integrates various physics and engineering
models to evaluate the performance, cost, and feasibility of different reactor config-

urations. By iterating through design parameters, PROCESS helps identify optimal
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solutions that meet specified criteria. Both PROCESS and SYCOMORE are numerical

optimisers, whilst ARIES is a database model.

In this thesis, we use PROCESS, see Section 2.3. The code was used to recreate the
FNSF ST concept in a previous study and good agreement was found between the
parameters outlined in the code and the original concept [201], see Figurel.14. The
same study outlines the applicability of using the code for ST studies and presents
the spherical tokamak specific models implemented in the code. PROCESS has been
benchmarked extensively against results from experiments and other codes and also
has a large library of plasma physics and engineering parameters, such as those

discussed in Section 1.4 of Chapter 1.

In order to narrow down the input parameters —there are many to choose from- it is
necessary to thoroughly conceptualise the possible design specifications of the con-
cept we are modelling. We mentioned areas of uncertainty in the previous chapter,
including such as the plasma physics, engineering. Inputs pertaining to those areas
for STs that we use in this analysis are detailed in Section 2.3.1. This way, we can
make sure we choose the most economically important parameters for the Bayesian

network meta-modelling approach in Chapter 3.

2.2 Why spherical tokamaks?

The deployment time of fusion power plants is crucial for their effective integration

into the energy mix. In this context, STs are potentially quicker to incorporate than
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conventional tokamaks due to their relatively smaller size, which potentially results
in shorter construction times and reduced capital costs—two common challenges
in the deployment of fission power plants. However, it’'s important to note that
the smaller size of STs can also introduce increased complexity in their design and
operation, which should be carefully considered in the evaluation of deployment

timelines.

STs are characterised by an aspect ratio (A), the ratio between the major (R) and
minor (r) radius, <2. See Figure 2.2. In general, lower aspect ratio tokamaks
are designed with lower toroidal field (Toroidal Field (TF)) (Bt) than conventional
tokamaks. This is due to how By scales such that By = B"‘%f“, where B is the
maximum field at the toroidal field coil, Rtr is the inner radius of the toroidal field
coil, and Rp is is the major radius of the plasma [194]. In spherical tokamaks The
inner radius of the TF coil (Rtg) is small. The major plasma radius (Rp) is also small

but larger relative to Rtr. Together, these factors reduce the achievable By for a

given Bpax [194].

This decreases the fusion power as Ppsion o< Bi. However, by leveraging high beta,
compact design, and efficient current drive, STs remain competitive against con-
ventional tokamak designs. This is why many current research efforts focus on op-
timising STs to improve their scalability and overall performance. Following this
reasoning, multiple public and private programmes are funding ST pilot plants with

the target of energy production by the 2040-2050s [202, 203, 204, 205].

From a physics perspective, ST plasmas can reach a higher confinement, achiev-
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Figure 2.2: Schematic of a conventional (left) and spherical tokamak (right). The aspect
ratio, A = Ry/a, and the elongation, x = b/a, taken from [206].

ing elevated [, elongation (x), and safety factor (¢) values [207] (see definitions
in Section 2.3.1). In the context of §3, it is noteworthy that ST plasmas can ex-
ceed the Troyon limit, exemplified by the START ST achieving 3, values exceeding
30% [208]. The Troyon limit is the maximum achievable plasma pressure in relation
to the magnetic field strength that a tokamak can sustain before the plasma becomes
unstable. A distinctive characteristic of STs is the balance between the magnetic
fields, particularly the similarity of the poloidal field (B;) and the toroidal field (Br)
in the outer field region. This equilibrium induces particles to follow high-pitched
trajectories, resulting in reduced time spent in regions of unfavourable curvature.
Consequently, this means better particle confinement. Moreover, STs naturally fea-
ture elongated plasma shapes, characterised by the parameter x, which represents
the ratio of plasma height to minor radius. This inherent elongation substantially
diminishes the energy needed to achieve this advantageous configuration. See Sec-

tion 2.3.1 for more details on the aforementioned parameters.

It is important to distinguish between plasma circulation (current) and the mainte-
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nance of plasma temperature. The bootstrap current contributes to plasma circula-
tion, which is essential for maintaining the magnetic confinement needed for stable
fusion reactions. However, maintaining the plasma temperature requires efficient
heating methods and minimising energy losses. Regarding the planned operational
mode (baseload), the effectiveness of the bootstrap current is crucial. For continu-
ous, stable operation, the bootstrap current must be sufficient to sustain the plasma
current without excessive reliance on external current drive systems. The viscous
drag on starting plasma circulation (current drive) causes viscous heating, which
can contribute to maintaining the plasma temperature. However, this needs to be
carefully managed to ensure that the heating is efficient and does not lead to exces-
sive energy losses. ST plasmas are able to achieve high bootstrap currents, increasing
plasma stability and performance. A high bootstrap fraction (Cps) indicates that a
significant portion of the required plasma current is generated internally. This self-
generated current helps maintain the necessary temperature and density for fusion
reactions, reducing the need for additional energy-intensive current drive methods.
Overall, this improves the efficiency of the system. Reduced reliance on external
current drive systems could lower the operational costs of a fusion power plant, po-
tentially increasing economic viability for long-term power generation [209, 210].
As a side note, stellarators such as W7-X do not require current drive systems be-
cause their magnetic confinement is achieved through a complex arrangement of
external magnetic coils that create a twisted, helical magnetic field. This design in-
herently provides the necessary rotational transform and stability without the need

for a plasma current, unlike tokamaks which rely on a toroidal plasma current to
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maintain confinement.

The advantages of ST designs are not without their trade-offs, namely complexity.
Achieving a higher fusion gain (@)) in a more compact machine translates to a greater
heat flux impacting the reactor’s first wall and, notably, the divertor, which must en-
dure heat fluxes reaching magnitudes in the range of tens of MW/m? [211, 212]. The
compactness results in limited space within the central stack. This region accommo-
dates the central solenoid, inner leg of the poloidal field coils, shielding materials,
and the breeder blanket (though not all designs incorporate a breeder blanket in the
high field region, a challenge when aiming for a self-sustaining tritium breeding ra-
tio). Certain designs address the limited space by minimising the central solenoid’s
size (it is exclusively employed for startup, with external means and the bootstrap
current supplying plasma current) or by its complete removal, as seen in solenoid-
free startup designs for NSTX [213, 214]. The increase in volumetric fusion yield,
coupled with limited central stack space, results in increased neutron fluence in the
poloidal field coils. This fluence can potentially damage materials and induce heat
fluxes incompatible with the coils’ thermomechanical integrity. It is yet unknown
how HTS magnets will perform under these conditions, as they have not been tested

in a fusion environment.

2.3 Sensitivity analysis

The aim of the sensitivity analysis is to identify key cost drivers in physics, engi-

neering parameters for the ST concept. Two statistical methods (Morris and Sobol)
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determine the effect of each parameter on the capital cost of a ST. In the context of
fusion research, previous studies have used fusion systems codes to perform uncer-
tainty quantification and investigate the impact of physics and engineering parame-
ters on the performance of the DEMO machine [215, 173, 216]. The methodology
here presented is similar to that followed in [217], which determined the main cap-
ital cost drivers for a DEMO-like fusion power plant, also using PROCESS. Following
a similar methodology and using similar physics and engineering parameters, allows
for a direct comparison of the cost drivers found for a conventional tokamak and a
spherical one. Such a comparison offers a unique perspective in the field of fusion

techno-economics.

We have mentioned before the different emulators of fusion systems in the form of
codes. In this analysis, the PROCESS code has been chosen to perform the sensitivity
analysis using the design basis of the ST [196], see Section 2.3.1 below. Developed
by UKAEA, PROCESS is able to study the interactions between the engineering and
physics parameters that comprise a fusion power plant. The code is given a study
space formed by the constraints set by the user. Then, PROCESS can obtain the
optimum working point using a series of 0D and 1D approximations that model all
subsystems. Once the constraints are satisfied, the code can achieve convergence
in seconds, making it a valuable tool in exploratory analysis aimed at establishing a

design baseline [218].

A two-fold sensitivity analysis is presented. First, Morris analysis reduces the di-

mensionality of the problem by streamlining parameters (Section 2.3.2). Next, an
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in-depth Sobol analysis (Section 2.3.3), evaluates first-order (S;), second-order (S;),
and total interaction effects (S;,.). These methods identify key parameters and their
interrelationships, improving the understanding of factors influencing the output of

PROCESS, i.e., the capital cost of the machine.

Three distinct reactor scenarios—optimistic, intermediate, and conservative— are
identified. These scenarios inform the subsequent economic modelling for an LCOE
calculation (Section 2.4). This approach allows for exploring diverse operating con-
ditions and design parameters, providing insights into the cost drivers and their im-
pact on the economics of the ST concept. Remember, the scenarios serve as a way of

benchmarking the predictions of the Bayesian meta-model developed in Chapter 3.

2.3.1 The spherical tokamak concept

We present an alteration of the ST concept developed by Menard et al. in [194],
which was successfully reproduced in PROCESS by Muldrew et al. in [201]. Menard’s
concept, referred to as Menard-2016 baseline, is an ST pilot power plant with a fusion
power output of 500 MWe and solenoid-free operation. This is achieved owing to a
high bootstrap current fraction (~70-80%, consistent with the fractions obtained in
other modelling [219, 220] and theoretical studies [221]) and 50 MW of NBI power.
This has motivated research on solenoid-free startup [222, 223], and solenoid-free
operation [205, 219]. In [224], an advanced scenario was experimentally explored
in the conventional tokamak ASDEX Upgrade. Here, a small fraction of the current

drive was provided from inductive means, while the rest was provided by a substan-
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tial bootstrap current non-inductive means.

The electric output of the ST concept presented here has been constrained to 500
MWe. In order to satisfy that constraint, other parameters pertaining to the size of
the machine have been set within a range of values. Table 2.1 shows the initial set
of input parameters to PROCESS, together with their upper and lower limits. The
primary output is the capital cost of the pilot plant, calculated by PROCESS in M§$.
Note that some parameters include the superindex max or min, which correspond
to iteration variables that PROCESS can vary between in order to satisfy given con-
straints. For example, B}** means that PROCESS can vary By up to this value, but
the optimum scenario may feature a lower value. Several parameters in the inves-
tigation overlap with those in Pearce et al. [217], while some have been introduced

or removed in accordance with their relevance to compact STs.

Below is a brief description of the parameters along with justification for their re-
spective ranges in Table 2.1. In regard to engineering efficiency parameters (e.g.,
fep, 7NBI, Thep), their possible to link to costs arises because they can impact the over-
all efficiency of the power plant. In turn, this can affect the balance of energy input
and output and therefore the cost of the plant, i.e., less efficient system will require

more energy input to achieve the same output, increasing costs.

Greenwald fraction (fgw): The Greenwald density limit represents the maximum
plasma density that can be sustained in a tokamak without triggering instabilities.
The Greenwald fraction is the ratio of the actual plasma density to the Greenwald

limit. It measures how close the plasma is to this density limit and is crucial for as-
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PROCESS input parameter Lower limit | Upper limit
& Greenwald fraction 0.85 1.15
Hys ,» Radiation corrected H-Factor 1.47 1.67
fue He impurity fraction 0.085 0.115
fw W impurity fraction 1.00e — 5 1.00e — 4
Prep/ R (MW/m) 20.0 45.0
4" Lower bound LH threshold 0.85 1.15
(s Bootstrap current fraction 0.08 0.80
fcp Current drive efficiency [A/W] 0.03 3.00
Miso Isentropic efficiency

of blanket coolant pumps 0.75 0-95
¢ Safety factor near plasma edge 3.0 3.5
P Max.in'lum allowable 5.0 550
value for injected power (MW)

oumit Allowable hoop " 160
stress in central solenoid structure (MPa)

olmit Allowable

maximum shear stress in TF 640 760
coil case (Tresca criterion) (MPa)

A Aspect ratio 1.8 2.0
Bp® Toroidal field on axis (T) 3.5 4.5
Peore Normallsed rad1}15 0.45 075
defining the core region

AT;, Turbine inlet temperature (°C) 519.85 824.9
S Total plasma beta 0.04 0.2
nner NBI plug efficiency 0.2 0.6
TThep Electric efficiency of 075 0.95
primary pumps

Table 2.1: Uncertain physics and engineering parameters predicted to impact power
plant economics, with their corresponding upper and lower limits.
sessing the stability and performance of the plasma. This parameter might be a cost
driver because operating close to the Greenwald limit requires advanced control sys-
tems and materials to manage the increased risk of instabilities, thereby increasing

costs.

Radiation-corrected H-Factor (Hos): The H-factor is a measure of how well the

plasma is confined. It is defined as the ratio of the actual energy confinement time
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to the energy confinement time predicted by empirical scaling laws [225]. The
radiation-corrected H-factor accounts for the effects of radiation losses on plasma
confinement, therefore impacting costs because it affects the plasma performance
and the amount of energy that can be extracted from the plasma. The lower bound

is the same as Menard’s initial value. The upper value corresponds to that of [217].

Helium impurity fraction (Fy.): The helium impurity fraction is the ratio of helium
atoms (ash) to the total number of particles in the plasma. It indicates the level
of helium impurities present, which affects plasma purity and performance, and
therefore may impact costs. Maintaining a low helium impurity fraction is important

for efficient plasma operation.

Tungsten impurity fraction (Fyw): The tungsten impurity fraction represents the
proportion of tungsten contamination within the plasma. Tungsten is used in fusion
reactors for plasma facing components. Its selection is owing to its high melting
point and low neutron activation, however its erosion and resulting impurities can

negatively impact plasma performance and impact costs [226].

Power flux through separatrix (Pi,/R): The separatrix refers to the trajectories
of magnetic field lines that describe the boundary between closed and open field
lines, separating the toroidally confined region from the region where field lines
connect to material surfaces. It is the ratio of conducted power P, that crosses
the separatrix to R (the major radius of the device). The ratio is a measure of the
power flux across the separatrix in the divertor (exhaust), which can impact plasma

stability and performance and therefore, costs. Ps.,Br/qAR has been substituted for
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P,/ R with the lower value representing Menard’s case and the upper value aligning

with [188].

Safety factor near plasma edge (qo5): The safety factor, ¢, is a measure of plasma
stability. In tokamaks using a divertor, the safety factor is larger at the separatrix,

and so measurements are taken at 95% of the total flux surface (gys).

L-H threshold (f{}"): The L-H threshold represents the minimum amount of power
required for plasma to move from low-confinement mode (L-mode) to high-confinement
mode (H-mode). H-mode is associated with improved energy confinement time in

plasmas, making it an important operational regime for fusion reactors [227].

Bootstrap current fraction (Cjs): The bootstrap current fraction is the ratio of the
bootstrap current (a self-generated current due to pressure gradients and magnetic
field) to the total current in the plasma. Maximising the Cys will reduce or eliminate
the need for external current drive, reducing the cost and complexity of the ST. It
therefore is an important measure of the self-sustaining capabilities of the plasma
and can impact the overall efficiency of the fusion reactor, and therefore impact the
cost of the machine. See Section 2.2 for more details on the bootstrap current for

STs.

Current drive efficiency factor (fcp): Current drive refers to the method used to
generate and maintain the electric current in a plasma. It can be either inductive,
using a central solenoid, or non-inductive using radiofrequency waves, neutral beam
injection, or bootstrap current. In this concept, NBI is used as it aligns with the pilot

plant current drive method in [194]. The efficiency factor of the current drive mea-
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sures the effectiveness of the current drive system in sustaining the plasma current.

Isentropic efficiency of blanket coolant pumps (7;s,): The breeder blanket oper-
ates as part of the coolant system. 7, therefore measures the efficiency of the pumps
used to circulate coolant in the blanket system. It is calculated by the enthalpy in-
crease in the fluid for isentropic compression divided by the mechanical power used.
It indicates how effectively the pumps transfer energy to the coolant, impacting the

overall thermal efficiency of the fusion system.

Maximum allowable injected power [M/W] (Pg}ax): This refers to the power in-
jected into the ST plasma by the neutral beams. The maximum allowable injected

power is the highest amount of power that can be safely injected into the plasma

without causing damage or instability.

Allowable hoop stress in central solenoid [MPa] (¢Z&*): The current that gener-
ates the axial magnetic field in the solenoid creates a radial (Lorentz) force acting
on the turns of the coil. The outward force creates a hoop stress, acting circumfer-
entially, perpendicular to the axis of the cylindrical solenoid. The allowable hoop

stress is the maximum stress that the central solenoid structure can withstand.

Allowable maximum shear stress in toroidal field (TF) coil case [MPa] (o7§™):
Denotes the highest shear stress that the TF coil case can allowably tolerate. The
source of shear stress in the toroidal field coils arises from the Lorentz forces gener-
ated by the interaction between the magnetic fields and the electric currents flowing
through the coils. These forces create mechanical stresses within the coil structure,

including shear stress.
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Aspect ratio (A): The aspect ratio of an ST is the ratio of the major radius (R) to
the minor radius (a) of the plasma confinement region. STs are characterised by an
aspect ratio (A), the ratio between the major (R) and minor (r) radius, <2. See
Figure 2.2. The link to the major radius is important because it influences the size

of the machine and which could have cost implications.

Toroidal field (TF) on plasma [T] (Br): TF coils generate the magnetic field that
flows in the toroidal direction (i.e., latitudinally) of an ST. Br denotes the strength
of the field (in Tesla) generated by the TF coils. The higher the field these magnets

can achieve will impact their cost to run and build them.

Normalised radius defining the core region (p...): This is a measure of the radial
position within the plasma, normalised by the plasma’s minor radius. It helps define
the core region’s extent, influencing plasma shape and confinement properties. In
relation to cost, it is important to understand the plasma’s radial distribution and

how this affects the plasma’s performance.

Turbine inlet temperature [°C] (AT},): The turbine inlet temperature refers to
the temperature of the steam or working fluid entering the turbine in the power
conversion system. It impacts the efficiency and performance of the turbine and the
overall energy conversion efficiency of the ST. The AT;, limits derive from [228]
on sCO, cycles, where they are set 20 K higher than the turbine temperature. This
may impact costs due to the efficiency of the power conversion system, which is
dependent on the temperature difference between the working fluid and the heat

source.
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Total plasma beta (3): This is the ratio of plasma pressure to the magnetic pres-
sure. Fusion power output increases with plasma pressure. Generating a magnetic
field to confine the plasma comes at a financial cost. This describes plasma perfor-
mance. In economic terms, increasing  allows for a smaller, more compact reactor
design, like in spherical tokamaks, which can significantly lower capital costs while
maintaining or enhancing fusion performance. Thus, optimising  directly impacts
the cost-effectiveness and scalability of fusion power plantslt is a dimensionless pa-
rameter representing the ratio of plasma pressure to the magnetic pressure. Higher
values reflecting better pressure support by the plasma, which can influence stability

and confinement.

The inclusion of § is warranted due to its significance in STs, where it can attain
higher values compared to conventional tokamaks. In Menard’s study, /; is scanned
between 3-12%, implying 5 ~ ;. The lowest convergent value is 4%. Menard’s work
indicates a stability limit equation for a no-wall case, establishing a beta stability
limit of 12% and Sy = 4.20 for an aspect ratio of 2. A no-wall case typically refers
to a theoretical or computational scenario where the effects of the surrounding walls
(such as the first wall, blanket, or vacuum vessel) are neglected or assumed to be
absent. This is often done to study the intrinsic physics of the plasma or to model
idealized scenarios without interference from material components. Better 3 values
could be attainable in the future due to improved physics understanding and the
positive impact of the wall on beta stability. NSTX and START have reached j values

of 30% and 50% respectively, though not stable.
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Neutral beam injection (NBI) plug efficiency (1yp): measures the energy effi-
ciency of NBI systems in heating the plasma. Pearce’s study employed 7y pg;, while
this study only utilises it for current drive, with the central value aligning with

Menard’s.

Electric efficiency of primary pumps (1): This measures how effectively the
primary coolant pumps convert electrical energy into coolant motion. It influences

overall thermal management and performance.

Input parameters like p.ore and Fiy are within the ranges used in [217]. Adjustments
have been made to the limits for A to reflect those seen in STs. Input parameters
such as 33 Fie, fiin Cps, Miso» o5, JCDs B, 0¢8, Nhp and BP* share the same

range widths as [217] but are centred around the Menard-2016 baseline [194].

The sensitivity analysis is a two-fold assessment. The Morris method is used first
as it is computationally more efficient than Sobol, making it advantageous in high
dimensionality problems to filter out less influential variables. However, the Morris
method provides less detailed information, specifically regarding the contribution
of individual input variables to output variance, and does not capture the interplay

between different variables as comprehensively as the Sobol method.

2.3.2 Morris method

The Morris method [229], also known as the Method of Elementary Effects, is a

sensitivity technique used to explore the behaviour of a model’s output in response
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to changes in input parameters. Traditional sensitivity analyses such as one-at-a-time
(OAT) or local sensitivity analysis, focus on quantifying the impact of each parameter
individually. Here, the Morris method assesses the influence and interactions of
multiple parameters simultaneously. It achieves this by systematically varying each
parameter across a range of values while keeping others constant, allowing for the

identification of influential factors and coupling effects on the model’s output.

In the context of this study, the Morris method analyses the sensitivity of the cap-
ital cost to changes in the input parameters. The results provide insights into the
relative importance and interdependencies of the parameters that drive power plant

economics.

In Figure 2.3, a scatter plot of the absolute mean and standard deviation of the ele-
mentary effects for each input parameter are shown. The absolute mean, i, shown
in Equation 2.1 can be seen as providing a ranking of the effect of such an input
on the capital cost. This allows for easy identification of negligible inputs, whereas
the standard deviation o;, provides an estimation of the linearity of the input and its

interaction with other variables:

N
1
W= > |EE;| (2.1)
j=1
1 N
G\ N1 ;(|EEMI —u)? (2.2
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Where: 1 is the calculated absolute mean for input parameter X;. o; is the standard
deviation of the elementary effects for input parameter X;. N is the total number of

samples. E'E;; is the jth elementary effect of parameter X;.

The E'E;; measures the change in the output (in this case, capital cost) due to small,
incremental changes in one of its input parameters (see Table 2.1). The units of FE;;
depend on the units of the model output and the corresponding input parameter. For
example, given that the output is capital cost in M$, then for a given input parameter,
e.g., BI® (with units of T), the units of F'E;; are M$/T. Therefore, ;1* and o share

the same units.

Fusion parameters in the upper right quadrant of Figure 2.3 (i.e., high x! and high
0;), such as f3, indicate parameters that strongly effect the capital cost, and are
strongly correlated to other variables. Concerning f3, its influence on capital cost in
STs can be attributed to the necessity of achieving high plasma-5. Alternatively, there
is a solution that uses high-temperature superconducting magnets (HTS magnets)
to achieve a stronger magnetic field, thereby mitigating the requirement for high
plasma (5. In the case of certain proposed HTS tapes, such as rare-earth barium
copper oxide (ReBCO), challenges emerge due to the rarity of constituent minerals

in the Earth’s crust, which may present a resource availability issue.

Data points in the upper left quadrant of Figure 2.3 (i.e., high o;, low u), such as
Pip/ R, represent parameters with a notable average effect on the capital cost but
relatively low inter-dependence. These parameters consistently impact the capital

cost, making them important and stable contributors. The fusion parameter Pyp/R
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Figure 2.3: Absolute mean, pf, and variance, o;, (both with units [M$/X]) of the ele-
mentary effects of screened PROCESS parameters. X in the units represents the units of
the varied quantity (i.e., M$/T for B**). Taken from Hidalgo-Salaverri and Griffiths et
al [230].

impacts the capital cost of an ST by indicating the efficiency of plasma confinement
and power losses. A high P,/ R suggests less efficient confinement and increased
power losses due to plasma transport. To mitigate these losses and sustain a vi-
able fusion reaction, advanced and costly technologies for supplementary heating
(to maintain plasma temperature and thus sustain fusion reactions), confinement,
plasma stability, and materials are required. Efficient heating systems and current

drive methods, such as neutral beam injectors employed in this ST concept play a
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crucial role in contributing to the capital cost. Other methods include radiofrequency

methods, such as electron cyclotron resonance heating.

Data points in the lower right quadrant of Figure 2.3 (i.e., low ¢; and high u)
indicate parameters that exhibit substantial inter-dependency, but have a modest
average effect on the capital cost. The absence of input parameters in the lower
right quadrant (low o; and high x}) is context-dependent and reflects the unique

conditions and input parameters, rather than a limitation.

Data points in the lower left quadrant of Figure 2.3 (i.e., low p; and low ¢;) represent
input parameters with both a low average effect and low variability, such as Fi™,

mn oM mhe, and gos. These input parameters show minimal impact on the capital
cost and do not interact with other ones. As such, they will not be carried forward
for Sobol analysis or considered for the Bayesian network meta-model approach
outlined in Chapter 3. The same upper and lower limits, as shown in Table 2.1,
are used, and the nine most influential parameters are carried forward for variance-

based analysis of Sobol indices. These are: f&y*, fw, Psep/R, fop, A, BY*, AT, B,

and ""NBI-

Here we make a comparison of our results with those presented by Pearce et al. In
the Morris analysis, there similarities and differences in input parameter importance
on capital cost [217] between DEMO- and spherical tokamaks. Input parameters
like Cs, BF™, and fi exhibit consistently high influence. In contrast, Pip/R, fE7
and A show distinct variations in influence, with greater prominence in this study.

Parameters such as o2&, peore, and iﬁ}ax exhibit reduced influence and coupling com-
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pared to [217].

2.3.3 Sobol method

Sobol analysis, a variance decomposition method, stands apart from the Morris
method in its rigorous approach to sensitivity assessment. While Morris evaluates in-
put parameter importance through direct evaluations, Sobol analysis delves deeper
by utilising Sobol sampling methods, uncovering the individual and interactive con-

tributions of input parameters to overall output (i.e., capital cost) variance.

This method offers a more comprehensive perspective on sensitivity and influential
factors, especially beneficial for models with numerous input parameters, such as
PROCESS. Employing sensitivity indices like S; (first-order sensitivity index), Sobol
analysis quantifies the proportion of capital cost variance attributed to each input
parameter individually, providing insights into their isolated effects on the capital
cost variability. Specifically, S; answers the question: How much does changing this
input parameter alone impact the variability in the capital cost?. This index is calcu-
lated as the ratio of the variance of the conditional expectation of the capital cost

given the variation in a single input parameter to the overall capital cost variance:

VIEY]X))]

(2.3)

where: V[E(Y|X;)] is the variance of the conditional expectation of Y given only X;

varies. V' (Y') is the variance of the output Y.
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Sobol analysis also extends to higher-order sensitivity indices to provide a more de-
tailed understanding of parameter interactions. Second-order sensitivity indices (.S3)
assess the joint effects of pairs of parameters. They evaluate how two parameters,
when varied together, influence the capital cost variability beyond their individual
impacts. Third-order and higher-order sensitivity indices (S3, S4, and so on) further
expand the analysis to consider the joint effects of three or more parameters simul-
taneously. They help in uncovering intricate relationships that might not be evident

when analysing parameters individually or in pairs.

In addition to lower order indices, S (total-order sensitivity index) takes a broader
view. This index quantifies the entire influence of an input parameter on capital cost
variability, encompassing its direct impact and its collaborative effects with other
inputs. The total-order sensitivity index S is expressed algebraically as the sum of
all the lower-order sensitivity indices. In essence, S, answers the question: When
considering all possible interactions, how much does this input parameter contribute to

the capital cost variability?:

S =1 - LELIL__5mg 24)

where: V[E(Y|X.;)] is the variance of the conditional expectation of Y given all
input parameters except X; vary. V(YY) is the variance of the output Y. Here, n
represents the total number of parameters or factors being considered in the anal-
ysis. For both Equations 2.3 and 2.4 the arguments of |/ are defined as follows.

V[E(Y|X.;)]: This represents the variance of the conditional expectation of the out-
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put Y, given that all input parameters except X; vary. In other words, it quantifies
the variability in the expected value of Y when all parameters except X; are consid-
ered to vary. V(Y'): This denotes the variance of the output Y, which measures the
degree of dispersion or spread of the output values around their mean. Non-zero
values for all indices suggest that the parameter has both direct influence on the
capital cost and contributes to the overall variability through interactions with other

input parameters.

fep, BP*, B, and nyg have non-zero S; indices, indicating that they have both in-
dividual and interaction effects on the capital cost variance. The colour map in
Figure 2.4a represents the S, indices obtained from the analysis. The value of each
square shows the strength of the interplay between two variables. The upper trian-
gle is shown as the matrix is symmetric and the diagonal (each parameter to itself)
is equivalent to S; (shown in Figure 2.4b). Positive values in second-order Sobol
analysis indicate the degree to which two input variables, interact with each other
to influence the capital cost. A higher positive value suggests a stronger interaction
between the two input parameters, meaning that they jointly explain a larger por-
tion of the capital cost variance. [ shows strong coupling with BI* (0.15), AT,
(0.15) and nyg; (0.16). Zero values imply that there is no significant interaction be-
tween the two factors in explaining the capital cost variance, as shown between A
and BP®. In other words, the direct combination of these two parameters does not

impact the capital cost.

B, A, and BF® have the highest S indices, and therefore interact strongly with
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other parameters, and have a strong influence on the capital cost. [, Psep/R, A4,
and ATj, exhibit zero S; indices, but notable S, see Figure 2.4b. This indicates that
these parameters have strong interactions and their effects on the capital cost vari-

ance are driven by higher-order interactions, rather than individual contributions.

131



Chapter 2 2.3. SENSITIVITY ANALYSIS

1.0 TN 5
B S
0.81
0.6
0.41
0.21
0.0->< g o Q <( x - «Q e
S T T
Q‘_" (a4}
(a)
e 0.02/0.02 0.02 0.02 0.01/0.020.03 0.0
f - 0.04 0.04 0.03/0.04 0 0.030.04
Psep/R - 0.04 0.03004 0 0 0.04
fep - o lolo]| o]0
A - 0 0.030.03 0.0
B 1 0.02 MEJ0.0
ATin - 0.15 [oiXe
B - 0.16
NnBI -
= 3 L 8§ V5 (S 9os
&0 o) B S
a’
(b)

Figure 2.4: (a) Second order Sobol indices of screened PROCESS parameters and (b) Sy
(blue) and S;,; (orange) indices of screened PROCESS parameters. Taken from Hidalgo-
Salaverri and Griffiths et al [230].

132



2.3. SENSITIVITY ANALYSIS Chapter 2

High S, indices suggest that these parameters, when combined with other inputs,
have a significant impact on the capital cost variability. The influence of Bf®* on
capital cost is explained by its impact on fusion power: Prgion o< Bf. Whilst high
fusion power is desirable, it can also lead to increased costs, driven by the need
for advanced technologies, materials, safety measures, and infrastructure to support
the increased power output. The ATj, influences the efficiency of the thermal man-
agement system. A larger temperature difference would require advanced cooling
systems and materials to handle the heat load, therefore impacting the capital cost.

oW is related to the maximum allowable plasma density. Achieving and maintain-
ing high plasma density requires enhanced fuelling and divertor systems and could

be more expensive.

2.3.4 Scenario identification

Identifying the main cost drivers, such as 3, for our ST concept leads to the design
of three scenarios: conservative, intermediate, and optimistic. These scenarios, de-
tailed in Table 2.2, increase in techno-physical complexity when moving from the
conservative to optimistic cases. The scenarios are defined using the input parame-
ters studied with the Sobol method. Figure 2.5 presents a histogram of the capital
cost for all cases examined in the Sobol study. Here, the optimistic case lies in the
bottom 10% of cases, intermediate at 50%, and conservative at 90%. The Sobol
analysis identifies the parameter  as highly influential on the capital cost. Small

changes in  can lead to significant cost fluctuations, highlighting the potential for
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Figure 2.5: Distribution of capital cost [M$] with optimistic, intermediate and conser-
vative FOAK scenarios referenced respectively. Note that we convert $1990 to $2020
below. Taken from Hidalgo-Salaverri and Griffiths et al [230].

targeted refinements to substantially reduce costs within the scope of this study.

Through distinction of the scenarios, the input parameters from the Sobol analysis
are carried forward into the economic investigation, as outlined in the scope. In
the final Section 2.4, the capital cost values are used to determine the economic
viability of each scenario. The same input parameters shown in Table 2.2 are selected
for the Bayesian network meta-model in Chapters 3. Importantly, the conservative,
intermediate, and optimistic are used to benchmark the Bayesian meta-model proof-

of-concept, see the results of Chapter 3 in Section 3.6.2.
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Conservative intermediate Optimistic

Input parameters

fw 4.5-10°° 5-107° 104
Pyep / R [MW/m] 25 33 42
max 1.0 1.0 1.0
Jep 0.8 1.0 0.8
A 2.0 2.0 2.0
BRax [T] 3.8 4.0 4.5
16 0.081 0.11 0.18
TINBI 0.3 04 0.5
ATy, [°C] 500 650 800
Output
Capital cost [ M$] 9827 5124 4551

Table 2.2: Physics and engineering parameters and corresponding capital costs that
compose the optimistic, intermediate and conservative scenarios.

2.4 Economic assessment

The aim of this analysis is to firstly investigate the economic viability of the proposed
ST concept, and secondly highlight the associated uncertainty in the assessment. A
Levelised Cost of Electricity (LCOE) has been calculated from the proposed scenarios

and has been compared against other technologies.

The PROCESS code calculates costs in 1990 US dollars. These costs have been up-
dated to 2020 US dollars using the inflation rate between these two dates (i.e., 1.98).

The 2020 US dollar has been used as the base currency of this study.

The LCOE values are calculated using PROCESS, which uses the 1990 cost model [231],
see Equation in 1.10 in Chapter 1.4.6. The calculation carries significant uncer-

tainty. It incorporates both direct and indirect plant costs. These costs are translated
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to 2020 USD at a conversion rate of 1.98. The model integrates a learning factor
reflecting the reduction in construction costs with increased experience, from first-
of-a-kind to n™-of-a-kind. While this factor impacts construction costs, it does not
uniformly affect the LCOE, as certain costs, such as material costs, are assumed to
be unaffected. In reality material costs could vary, especially in fuel cycle materials
such as Li (see Chapter 1.4.6) and construction materials like steel and concrete.

There are limitations of LCOE, which are also discussed in Chapter 1.4.6.

The learning factor is examined within a range of 1.0-0.25, guided by comparisons
with the economic evolution of other energy sources like photovoltaic and nuclear
fission. Photovoltaic power cost reduced by 85% in the 1975-1984 [232] and nu-
clear fission cost in France declined by 82% between 1957-1966 [233]. Both tech-
nologies experience a similar cost reduction during the first 9 years of the technolo-
gies, where the starting point is the prototype stage, equivalent to DEMO. That said,
recent costs of fission reactors have increased, rather than reduced in more recent
times. Considering that like fission power plants and fusion power plants are likely

to have a high overnight capital costs [234], this prediction is also uncertain.

Figure 2.6 shows the scan of the LCOE with respect to the capacity factor for a series
of cases. Regarding the uncertainty in capacity factors for fusion power plants, the
range of 0.55-0.75 [235] is estimated to be lower than that of current fission plants
(81% [236]), see Figure 2.6. The capacity factor is a measure of the plant’s efficiency,
representing the ratio of the actual output to the maximum possible output. The

capacity factor is influenced by various factors, such as maintenance schedules, fuel

136



2.4. ECONOMIC ASSESSMENT Chapter 2

availability, and grid demand. The exact capacity factor for fusion power plants
remains uncertain, as it depends on the specific design, operational conditions, and

external factors.

500 — Learning factor: 1.00
k.. - | earning factor: 0.50
\.\"\..\... —— Learning factor: 0.25 |
— 4007 Optimistic
= == « Intermediate

=
& 300 A -
w
@)
O
-

0.50 055 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95
Capacity factor

Figure 2.6: LCOE [$/MWh] versus capacity factor for the three studied scenarios: opti-
mistic (solid lines), intermediate (dashed lines) and conservative (dotted lines). Colours
of the lines represent the learning factor. The LCOE ranges in 2020 for wind, fission and
solar power are included. Taken from Hidalgo-Salaverri and Griffiths et al [230].

Our results show the optimistic (solid lines), intermediate (dashed lines) and con-
servative (dotted lines) against capacity factor for three different learning factors.
This assumes the same output for each ST in every doubling of capacity. In real-
ity the output may be different on each iteration, so it is important to note there
is some uncertainty in this prediction. The price ranges for wind, fission and solar
power are also shown for the year 2020. The intermediate and optimistic scenarios,
with a learning factor of 0.25, enter in the current LCOE range for the compared

technologies for a capacity factor larger than ~ 0.55. For a learning factor of 0.5,
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the minimum capacity factor rises to ~ 0.75, aligning with current predictions of
capacity factor for fusion power plants [235]. The cases with learning factor = 1.0,
i.e., DEMO-like cases, are not competitive with current energy prices, as discussed

in Chapter 1.4.6.

2.5 Conclusions

The analysis explores the capital cost sensitivity to various input parameters. Impor-
tant cost drivers in the form of physics and engineering parameters are identified.
Techno-physical scenarios reflect different levels of optimism regarding the economic
potential of the ST concept. The concept’s potential in the electricity market against

other technologies is discussed, considering the associated uncertainty.

The analysis shows that 5, A, B™* are the biggest drivers in capital cost. Other
parameters such as AT}, Piep/ R, nner also play pivotal roles. These parameters exert
strong interactions with one another, which can lead to significant impacts on capital

cost. For example, where [ is shown to interact strongly with Bf'®, ATj, and nyg;.

The findings show the potential for minor adjustments in certain parameters to gen-
erate substantial cost reductions, such as in 5. While proposing that § will have a
significant economic role is not groundbreaking, this study offers a novel perspective
by quantifying its influence on power-plant economics and its interaction with other

critical parameters.

It is important to underscore the challenges in executing sensitivity studies in fusion
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techno-economics. These assessments require a significant time investment due to
the need to explore a large number of parameters and their complex interactions
in a high-dimensional space. Moreover, epistemic uncertainty arises from the lack
of experimental data for specific drivers, such as . Consequently, it is important
to gain more certainty about the requirements of these input parameters across the
design space. Therefore, the remaining chapters of this thesis aim to address the

uncertainty.

2.6 Chapter summary

The aims of this chapter are three fold. Using sensitivity methods: identify cost
drivers, screen the most important parameters for the Bayesian network meta-model,

and to highlight the uncertainty rendered in the economic assessment of the concept.

The scenarios explore the prospects of the concept within an optimistic, intermedi-
ate, and conservative context. Whilst suggesting precise values for the parameters
in question remains impractical due to significant uncertainty, the scenarios offer
means to benchmark the predictions made by the Bayesian network meta-model

presented in Chapter 3.

Using LCOE data from PROCESS, each scenario has been presented by means of a
distribution as a function of capacity factor. The results show that the optimistic
and intermediate scenarios may access electricity markets, but this is heavily reliant

on high capacity and low learning factors. Such reliance highlights the significant
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uncertainty in making cost estimates against other resources.

Through the application of a methodological framework, the remainder of the the-
sis presents a tool for improving decision-making processes. It does this through
providing reason over uncertain information, using a Bayesian network meta-model
approach. The subsequent chapters present the development, validation and ap-
plication of uncertainty-aware techno-economic models, offering a comprehensive

analysis of the outcomes and their implications.
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Bayesian network meta-modelling

Chapter 2 identifies cost drivers and highlights areas of techno-economic uncertainty
in a spherical tokamak concept. In this chapter, our objectives are to develop a
proof-of-concept framework for implementing uncertainty-aware techno-economic
models, with specific applicability to nuclear fusion. The work introduces a tool for
reasoning over uncertain information, departing from conventional approaches. The
focus shifts to the using a probabilistic approach to meta-modelling. We aim to test
and refine the framework using a preliminary non-fusion model, ensuring it is robust
and flexible across various uncertain problems. We demonstrate the framework’s
implementation and validation through a proof-of-concept case study using a fusion
systems code. Specifically, we outline how probabilistic models can be used as tools
to improve decision-making, optimise designs, and address epistemic uncertainty in
the development of a fusion system. We use the same cost drivers from Chapter 2
to configure our meta-model, and demonstrate its application in a proof-of-concept
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case study:.

Some of the content presented in this chapter has been published in the peer-
reviewed publication, Transactions on Plasma Science, a journal by the Institute

Electrical and Electronics Engineers (IEEE).

* T. Griffiths, Z. X. Conti, J. Hidalgo-Salaverri and M. Bluck, ‘Using Bayesian net-
works as meta-models for predicting uncertain fusion economics in spherical
tokamaks’, in IEEE Transactions on Plasma Science,

doi: 10.1109/TPS.2024.3493383.

This chapter is structured as follows: Section 3.1 outlines the scope for a Bayesian
network (BN) approach to meta-modelling in fusion research. Section 3.2 presents
an introduction to Bayesian networks and their application as meta-models within
this thesis. In Section 3.4, a methodological framework details the preparation, con-
figuration, and implementation of a Bayesian network meta-model (BNM) for fusion
system design optimisation. In Section 3.5 the development of the BNM is outlined,
introducing validation and hyperparameter evaluation techniques. This forms the
foundation for Section 3.6, where the same framework is applied to emulate the

systems code PROCESS from Chapter 2, as a proof-of-concept case study.

142



3.1. SCOPE FOR A BAYESIAN NETWORK META-MODEL APPROACH TO UNCERTAINTY Chapter 3

3.1 Scope for a Bayesian network meta-model approach

to uncertainty

Techno-economic modelling of future fusion power plants confronts challenges stem-
ming from uncertain information. This is mainly due to the lack of a fusion prototype
that demonstrates the proof of the technology. Analysis codes such as PROCESS, al-
though useful for emulating the technology, cannot address the epistemic uncertain-
ties in plasma physics and engineering. This underscores the need for meta-models
capable of encapsulating uncertainty, propagating it from inputs—outputs without

reliance on assumptions.

Few studies exist that seek to reason over economic uncertainty in fusion technology,
especially through the use of data-centric meta-modelling. In addition, fewer seek
to gain understanding about the relationship between important reactor parameters
that may impact fusion economics. The inability to reliably predict reactor perfor-
mance can impede investment attraction and resource allocation, delay roadmap tar-
gets, and reduce opportunities for additional research and development funding. For
instance we can use an illustrative example, see Figure 3.1. A developer may have
several design points, for a fusion component. Each design point may have differ-
ent parameters that possess varying degrees of uncertainty, themselves with limited
resources in terms of expertise, budget constraints, materials, etcetera. Therefore,
developing a method that effectively captures and propagate uncertainties is benefi-

cial for offering practical decision-making in the face of uncertain problems.
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Powerplant parameter uncertainty: plasma conditions
(plas), magnetic confinement (mag), machine geometry
(geom), cost

B plas mag geom cost

Uncertainty (%)

powerplant design parameters

resource allocation
+ decision making

Figure 3.1: An illustrative example of design point for uncertain fusion parameters and
decision-making for allocation of resources.

We propose that decision-making in complex, multi-dimensional design spaces, like
fusion, is similar to reasoning through uncertainty [193]. In the transition from fu-
sion experiments to power plants, decisions must balance engineering performance
with economic viability. A probabilistic approach to techno-economic uncertainty

provides an effective framework for optimising fusion design.

This chapter therefore presents a tool to improve decision-making in the face of
uncertainty, offering probabilistic insights that can guide engineering design, policy,
and investment decisions. A methodological framework for implementing such a

tool is presented. The goal is to demonstrate the use Bayesian inference to move
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from uncertain, purely deterministic decision-making to uncertainty-aware decision-

making, taking into account uncertain inputs and parameters.

3.2 Bayesian networks

Whilst learning, a Machine Learning (ML) algorithm uses a statistical model with
adjustable parameters to minimise a loss function. This is done by adjusting internal
parameters to improve performance. For instance, in regression tasks, where the
algorithm aims to align its output with a target value, common metrics like mean
square error are often employed to evaluate its performance. The primary objective
of training ML algorithms is to enable predictions for new input data. This requires

them to predict outputs from a set of inputs previously unseen in the training data.

Within ML, BNs represent a unique approach, serving as a type of probabilistic graph-
ical model that encapsulates a set of variables and their conditional dependencies
through a directed acyclic graph (DAG) [237]. This is a structure where the edges
(connections between nodes) have a direction, meaning they point from one node
to another, and each edge is represented as an ordered pair. The graph contains no
cycles, i.e., traversing the graph following the direction of the edges means you will
never revisit a previously visited node. Bayesian networks are an example of a DAG.

Outside ML another example is a family tree.

Unlike other traditional ML approaches, BNs provide a more explicit representation

of probabilistic relationships between variables. These relationships aid in improving
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the predictions of models, gaining insight into the underlying mechanisms govern-
ing the data. This makes making BNs valuable in real-world, uncertain applications.
BNs account for the interrelations between variables by encoding conditional inde-

pendence relationships uncovered via inference algorithms:

PY|X) - P(X)

PXY) = =55

3.1

where: P(X|Y) represents the conditional probability of event X given event Y,
P(Y|X) represents the conditional probability of event Y given event X, P(X) is

the prior probability of event X, P(Y") is the prior probability of event Y.

A BN consists of nodes representing variables, and edges representing dependen-
cies between variables. The parameters of a BN specify the conditional probabilities
associated with each node given its parents in the network. These conditional proba-
bilities determine the relationships and dependencies between variables. When mul-
tiple probability distributions are combined, a Joint Probability Distribution (JPD) is

formed.

The structure of BN captures the dependencies between variables, and the condi-
tional probabilities are derived from data or expert knowledge. Once formed, the
JPD no longer distinguishes between inputs and outputs. Instead, BNs use the con-
ditional relations according to the structure of the graph, making them a powerful
tool for probabilistic modelling. They combine the local conditional distributions for

each node, with respect to its connected parent nodes [237]. The JPD can be fac-
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torised into a product of conditional probability distributions, one for each variable
given its parents in the graph. This factorisation is known as the chain rule of prob-
ability. Also known as the general product rule, this allows the calculation of any
member of the joint distribution of a set of random variables using only conditional

probabilities.

Given a set of random variables, say X;, X,..., X, the chain rule of probability
states that the joint probability of these variables is the product of the conditional
probabilities of each variable given all the variables that precede it. Mathematically,

this can be expressed as:

P(X1,Xs,..., X,) = [[ P(Xi| X1, Xa, .0 Xia) (3.2)

In Equation 3.2: P(X;, Xs,...,X,) is the joint probability of X1 through Xn.

P(X;|Xy,...,X;—1) is the conditional probability of X; given all the preceding vari-
ables. Refer to Figure 3.2 for a graphical representation of a BN and corresponding
marginal and JPD tables. A marginal probability distribution represents the prob-
ability distribution of a single variable, ignoring the effects of other variables. In
other words, it provides the likelihood of different values of a particular variable,

independent of the values of other variables in the dataset.

147



Chapter 3

3.2. BAYESIAN NETWORKS

Fully specified joint probability distribution:

PXLX%Y) [ X | X [ Y

P(z1,221,91) | #1 | 21 | %1
P(x1,x01,92) | 1 | Z21 | Yo
P(z1,221,93) | ©1 | T21 | Y3
P(ry,221,y4) | 1 | 21 | Wa
P(xy,222,y1) | 1 | @22 | 11
P(x1,222,y2) | ®1 | T22 | Y2
P(z1,222,93) | 71 | T22 | Y3
P(x » £22, y4) T1 | T22 | Y4
P(xa,x21,y1) | T2 | 21 | 01
P(xa,x21,92) | T2 | 21 | Y2
P(z2,721,y3) | T2 | 21 | Y3
P(xo,21,94) | 2 | To1 | Y
P(xa,x22,y1) | 2 | T22 | 01
P($ y L22, y2) T2 | T22 | Y2
P(x2,722,y3) | T2 | Ta2 | Y3
P(xo,220,y4) | 2 | T22 | v

Marginal probability distributions for X; and Xs:

P(Xy) | X1 P(X5) | X
X 0.3 T21 0.4
Z2 0.7 29 0.6

Conditional probability distribution

P(X1,X2,Y) | Xi | X2 | YV
P(x $21,y1) 1 | 21 | Y1
P(x1,221,y2) | ©1 | @21 | Y2
P(z1,221,93) | ©1 | T21 | Y3
P(xi,221,y4) | ®1 | @21 | Ya

Figure 3.2: Bayesian network with JPD table. Adapted from [237].

In depth, the term prior refers to the initial probability distribution assigned to a
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variable. On the other hand, the posterior probability refers to the updated prob-
ability distribution after prior beliefs are updated via inference, based on available
evidence. Inference involves making deductions based on evidence, reasoning, and
prior knowledge. We can therefore define Bayesian inference as the adjustment
of existing probability distributions to reflect how the remaining distributions of
variables are influenced by their causal relationships. This acts as a useful tool to
measure and understand relationships between inputs and responses in engineering

design spaces [237].

The primary benefit of a probabilistic representation lies in the ability to perform
omni-directional inference, enabling reasoning with uncertain information. Once
formed, a JPD offers no distinction between inputs and outputs, which allows omni-
directional inference between them. We can take advantage of this indifference and
use it as a tool to: (1) reason over uncertain data in both directions, evaluating
inputs—outputs and outputs—inputs, and (2) allow for the computation of multiple
outputs in the same meta-model. Specifically, the prediction of outputs based on in-
put data is defined as forward inference, and inputs based on output data is defined
as reverse inference. Refer to Figure 3.3 for a visual representation of Bayesian infer-
ence in the forward (left) and reverse (right) directions. Such a tool is particularly
useful in the context of fusion engineering design, as it enables the exploration of
causal relationships between inputs and outputs, and the prediction of inputs based
on desired outputs. This can provide valuable insights for decision-making and de-
sign optimisation, as it allows for the identification of input ranges that are most

likely to result in a desired output range, and the prediction of the likely output
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01234 01234

P(Y1| X1, X2)

Figure 3.3: Omni-directional inference, forward (left) and reverse (right).

given a set of input ranges.

One limitation of Bayesian Networks (BNs) is their difficulty in handling continuous
data directly. This is a significant drawback because real-world data often comprises
a mixture of discrete and continuous variables. While some implementations of BNs
with continuous data have been proposed [238, 239, 240], these methods are not
without their challenges and limitations. For instance, they can be computationally
intensive and input data distributions should be uniform. Consequently, data used to
configure a BN typically requires a discretisation process, which involves converting
continuous variables into discrete categories or bins. This discretisation can lead to
a loss of information and may introduce biases, affecting the accuracy and reliability
of the BN model. Refer to Section 3.4.5 for an overview of the discretisation method

used in this thesis and a discussion of its potential impacts on the results.
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3.2.1 Bayesian networks as meta-models

Within BNMs probability serves as a metric for uncertainty, whereby beliefs concern-
ing variable values are articulated through probability distributions, with greater un-
certainty corresponding to broader distributions. Despite their potential, Bayesian
network meta-models are not yet commonly used as machine learning tools in fu-
sion studies. The interpretation of simulation outputs from analytical models can
be challenging for fusion developers without a deep understanding of the associated
engineering or physics principles. This can result in reliance on uncertain numerical
data, without leveraging the causal structure of the numerical output distribution.
In this scenario, a BNM can serve as a two-way translation tool between the overall
fusion research and the engineering domains. The use of bi-directional inference can
assist fusion engineers in providing feedback in the form of design parameters, based
on the interconnections between the input-output space. Developers of fusion can
therefore impose constraints on the output distributions of the BNM, using their ex-
pertise and experience, while engineers and physicists handle the input distributions
to interpret engineering constraints in terms of design parameters [237]. The ‘trans-
lation’ process facilitated by a BNM could lead to more comprehensive decisions,
as probabilistic inference considers the entire network of relationships between in-
puts and outputs during computation. This contrasts with traditional deterministic

models, which only consider the direct relationship between inputs and outputs.

Compared with neural networks, BNMs differ in their probabilistic reasoning and

inference capabilities, making them particularly adept at handling uncertainty and
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incorporating prior knowledge into predictions. For example, in the context of meta-
modelling, the main difference between neural networks and Bayesian networks is
that the former are (1) deterministic (unless using a Bayesian neural networks), and
(2) uni-directional, i.e., inference only occurs feed-forward (input—output). On the
other hand, the latter are omni-directional due to their causal graph nature, whose
inputs and outputs are random variables probability distributions, and inference is

computed over their joint probability via Bayesian inference.

One challenge with data requirements in this work is the role of simulated data. The
BNMs in this thesis are trained on simulated data, requiring uniform sampling meth-
ods for input variables to generate output data. However, real-world empirical data
may not exhibit a uniform distribution, potentially impacting the performance of the
BNM. Addressing this challenge may involve further refinement and adaptation of
the BNM to handle non-uniform data distributions, such as employing kernel den-
sity estimation or exploring physics-informed machine learning techniques to impute

uniform data.

3.2.2 BNMs in tandem with other surrogate models

One aim of a surrogate model is to bypass the computational expense in complex,
high-fidelity deterministic models. In our case, a BNM does not do this, and thus
it is not a surrogate model in the traditional sense (which could be seen as a lim-
itation). We therefore use the term, “meta-models” instead. While BNs represent

specific probabilistic dependencies between variables using directed acyclic graphs,
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BN surrogates (or meta-models) generalise these relationships, offering higher-level
analysis or decision-making across multiple models. The use of Bayesian inference
with a Bayesian network in this meta-model offers several advantages over other
traditional surrogate modelling methods. Unlike deterministic models, Bayesian in-
ference accounts for uncertainties in input parameters and output responses, pro-
viding a probabilistic tool that captures the inherent variability in fusion systems.
Furthermore, Bayesian inference facilitates the integration of prior knowledge and
observational data, enabling more robust inference and decision-making in fusion

specific engineering systems.

It is important to note that BNMs should not be seen as a competitor to high-fidelity
modelling or experiments. Nor are BNMs a competitor for fast surrogates that may
or may not involve ML methods. Rather, it is an overarching quantification of un-
certainty that feeds on the data provided by experiments and high-fidelity models.
BNMs can also incorporate additional information directly from other areas, includ-
ing expert knowledge. This relationship can be visualised in a hierarchical Data In-
tegration and Modelling Pyramid, where experimental data and high-fidelity models
form the foundation, intermediate computational tools provide additional processing
and simulation, and BNMs at the top integrate all inputs to produce comprehensive

and probabilistic outputs. See Figure 3.4.

The foundational data sources (bottom tier), consist of empirical data from experi-
ments and high fidelity models that provide detailed simulations of complex systems.

The middle tier includes intermediate computational tools like system codes and fast
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Level 3
High-level
meta-models

Level 2
Intermediate
tools

Level 1

o Foundational data
sources

Figure 3.4: Hierarchical Data Integration and Modelling Pyramid.

surrogates, which may include machine learning methods. These tools create quick
system simulations based on the foundational data. The top tier is made up of BNMs,
that integrate and synthesize data from the lower tiers. These meta-models combine
various data sources and computational results, enabling probabilistic reasoning and

decision-making.
Real-world data

Fusion has no prototype pilot plant, and therefore is lacking in real-world data,
especially in techno-economics. As real-world empirical data emerges, users can
adjust the approach followed by incorporating new data into the BNM. This iter-
ative process involves updating the model with the latest empirical data, refining
and re-evaluating the relationships between input-output parameters. A flowchart

illustrating this iterative process is shown in Figure 3.5.
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1. Initial Optimisation

(Coarse Search)

6. Iterate Process for

Continuous 2. Evaluate Fit to Data
Improvement
3. Check for Local vs. Global
Minimum. If fit is poor -+ Refine
5. Recalibrate Model Search (Finer Sampling, New
Using New Data Methads) If fit is good -
Validate with Empirical Data
4. Real-World Data
Emerges

Figure 3.5: Iterative optimisation workflow for refining model fitting as new empirical
data emerges. The process starts with an initial coarse search, followed by evaluating
the fit to data, checking for local vs. global minima, validating with real-world data,
recalibrating the model, and iterating for continuous improvement.

Chapter 3
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3.3 ML and Bayesian networks as meta-models in fu-

sion research

Here, we provide a brief overview of the literature on Bayesian networks and their
applications in fusion research. In a review article by Pavone et al., a comprehen-
sive overview of ML and Bayesian inference in fusion R&D is provided [241]. The
study outlines fundamental Bayesian modelling for fusion experiments in physics
models via inference of plasma equilibria [242, 243], Gaussian process (GP) to-
mography [244], and uncertainty propagation [245, 246]. The application of ML
in fusion research is wide-spread, demonstrating its potential to address complex

challenges in fusion reactor design and operation.

Pavone et al., details studies within the field of deep learning (DL) methods in neu-
ral networks (NNs). Specifically, in the theory of artificial neural network (ANN)
algorithms and convolutional neural networks (CNNs). The latter is used in [247]
for the Wendelstein 7-X Stellarator experiment, reconstructing ion and electron tem-
perature profiles from 2D x-ray spectral images. Reinforcement learning (RL) has
been employed in studies for controlling tokamak plasmas [248] and predicting dis-
ruptions [125], showcasing applicability to practical tasks in real-time. In [248],
RL increased the flexibility of plasma operation by generating non-linear feedback
controllers, thereby simplifying the system. In [125], a plasma disruption mitiga-
tion system using DL predicts potential instabilities, aiming to reduce thermal loads

on plasma facing components. The algorithm combines convolutional and recur-
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rent neural networks (CNN and RNN, respectively), trained on data from the JET
and DIII-D experiments. The CNN learns the temporal dynamics of the plasma and
predicts the likelihood of disruptive states. If the system output exceeds a certain

threshold, an alarm triggers the activation of a mitigation action.

NNs can also bypass computational expense in intensive models based on numeri-
cal approximations and theoretical first principles. In [249], a neural network cal-
culated the change in ion and electron temperature, and electron density profiles
using data from [250]. The network delivered data at a speed 864-x faster than a
numerical model requiring that four times the number of cores. Other instances of
neural networks serving as surrogates can be found in [251], focusing on turbulent
transport calculations, and [252], exploring physics-informed plasma behaviour in a

particle-in-cell gyrokinetic code.

Pavone et al. also highlight the computational complexity in using Bayesian infer-
ence, particularly in sampling from posterior distributions. While Markov Chain
Monte Carlo (MCMC) methods offer a means to sample from the posterior, their
practicality diminishes in many real-world scenarios due to the high number of iter-
ations required. The primary bottleneck arises from the need to compute the likeli-
hood function. This entails running a forward model or simulation code, a process
often prohibitively slow in complex systems. Pavone argues that deep learning (DL)
models offer an alternative, highlighting their ability to efficiently reconstruct the

posterior, as evidenced in studies such as [253, 247, 254, 255].
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Bayesian networks as meta-models for engineering design

The approach to implementing BNMs in this study draws inspiration from Xuereb
Conti et al., as outlined in [193, 256, 257, 195]. Their methodology offers a ro-
bust statistical framework aimed at aiding informed decision-making during initial
design phases, where engineering simulation is integrated with computational de-
sign systems. This integration allows for comprehensive exploration of the design
space concerning measurable engineering criteria. Typically, this involves iteratively
adjusting input parameters and observing simulation outcomes, either through man-

ual trial and error or automated optimisation algorithms.

Conventional design-analysis systems are often feed-forward, making it challenging
to maintain control over the computational process, especially when dealing with
numerous parameters. This unidirectional approach can lead to difficulties in com-
prehensively understanding the multidimensional design space and tracking cause-
effect relationships effectively. To address this, Conti proposes a statistical method
for creating abstractions of typical coupled systems using probabilistic models rep-

resented by BNs.

BNMs offer several advantages over traditional methods. They provide a bi-directional
mechanism that can benefit both architects and engineers by enabling the transla-
tion of engineering constraints into architectural considerations and allowing the
exchange of expert feedback in a more informative manner. This probabilistic ap-

proach allows for the incorporation of uncertainty and variability in the design pro-

158



3.3. ML AND BAYESIAN NETWORKS AS META-MODELS IN FUSION RESEARCH Chapter 3

cess, leading to more robust and reliable outcomes.

Through a case study, Conti et al. illustrate how this probabilistic bi-directional
mechanism can be applied to complex design problems. For example, in the context
of fusion technology, BNMs can be used to model the relationships between various
reactor parameters and their impact on fusion economics. By capturing the proba-
bilistic dependencies between these parameters, BNMs can provide valuable insights

into the trade-offs and uncertainties involved in the design process.

This approach offers a significant advantage, particularly in dealing with models en-
compassing numerous parameters in uncertain design spaces, which is a core chal-
lenge addressed here. By leveraging BNMs, it is possible to perform omni-directional
inference, enabling reasoning with uncertain information and providing a more com-
prehensive understanding of the design space. This can lead to better-informed
decisions, optimized designs, and ultimately, more successful fusion technology de-

velopment. See Figure 3.6.

The use of BNMs as meta-models in engineering design is supported by the work of
Fonseca et al. [258], who demonstrated the effectiveness of artificial neural networks
(ANNs) in simulation metamodeling. Similarly, Simpson et al. [259] provided a
comprehensive survey and recommendations for the use of metamodels in computer-
based engineering design, highlighting the importance of integrating probabilistic

approaches to capture uncertainties and improve decision-making processes.

We argue that by addressing techno-economic uncertainty for fusion design spaces

through data-centric meta-modelling techniques, it is possible to gain deeper insights
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Figure 3.6: Showing how we emulate a deterministic model with a BNM.

into the relationship between critical reactor parameters and their potential impact

on fusion techno-economics. Unlike traditional fusion systems codes, which pri-

marily focus on assessing the technical performance of fusion devices, data-centric

meta-modelling offers a novel perspective by integrating techno-economic consider-

ations into the analysis. Therefore, the methodology proposed in this thesis enables

a more comprehensive understanding of the complex interplay between technical

and economic factors in fusion technology.
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3.4 Methodology

In this Section, a BN as a meta-model is presented, drawing inspiration from the
work of Conti in [193, 256, 257]. Illustrated in Figure 3.7, a meta-modelling frame-
work delineates the creation, cross-validation, and application of the BNM, applica-
ble to various input-output problems. Such problems are not necessarily specific to
fusion, an added advantage of our methodology being that it is applicable to many
uncertain problems with little real-world data. The stepwise structure of the frame-
work is explained below. Steps 1-3 deal with the uncertain inputs, 4-5 deal with
training the BNM, 6 deals with validation, and 7 deals with the application of the

BNM for decision support.

3.4.1 Step 1: Define design variables

This step involves determining what system the BNM is emulating. For instance,
we might choose to model a whole reactor system, or a component like the breeder
blanket or the divertor. Usually, a deterministic model does this. The chosen system’s
key parameters and characteristics are then defined as input variables, denoted as

Xy, Xoyo oty X

Ahead of executing the selected deterministic model, we must configure it for the

BNM. This means choosing the inputs and outputs, and defining the value ranges for

161



Chapter 3 3.4. METHODOLOGY

------------ .

| EXISTINGDATA+ ! ; i)
. EXPERT | s
I I L

i 1 ~ -

KNOWLEDGE

____________

( STEP 4: DATA \
I SELECT COLLECTION & STE: é'.i_\?v’g;f IAN I
IMPORTANT PARAMETER SENE LT I

I PARAMETERS ESTIMATION L

I v I

I |

I STEP 7: STEP 6: VALIDATION 1

I STEP 2: DECISION & HYPERPARAMETER I
DETERMINISTIC SUPPORT TESTING |

| MODEL

I I

1 b l

| Q ‘ N

I PiYy Xy, Xy) PIXy XN ;-: i_ ol

| | STEP 1: DEFINE DESIGN Py Ty T

i VARIABLES K2 e e R W

LN = /

Figure 3.7: The Bayesian network meta-modelling framework, adapted from [256].
Steps 1-3 deal with the uncertain inputs, 4-5 deal with training the BNM, 6 deals with
validation, and 7 deals with the application of the BNM for decision support.

each variable. The selection of inputs and outputs is guided by the objectives of the
analysis and the data at hand. The value ranges for each variable are set considering
the system’s physical limitations and the granularity of the analysis. One way to
decide on the inputs and their ranges is to use sensitivity analysis, as demonstrated

in Chapter 2.

When implementing a BN as a meta-model, it will perform better at making predic-
tions when the input distribution is uniform. This is for several reasons. (1) Model
assumptions: normal distributions assume a bell-shaped curve with values concen-
trated around a mean, while uniform distributions make no assumptions about data

shape and better capture the true underlying distribution. (2) Non-linearity and out-
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liers: normal distributions are sensitive to outliers, as they can significantly impact
the mean and standard deviation, which may not accurately represent the underly-
ing relationship between variables. Uniform distributions, being less influenced by
extreme values, can provide a more robust representation of the data. (3) Simplifica-
tion: normal distributions require the estimation of a mean and standard deviation.
This increases complexity and the number of parameters to learn. In contrast, using
uniform distribution eliminates this need, resulting in simpler training and interpre-
tation [260, 261, 237]. This requirement for uniformity in input distributions is an
untested limitation with real world data, or with data that is known to not have a

uniform distribution.

3.4.2 Step 2: Deterministic model

The deterministic model forms the basis of the BNM, integrating various models to
emulate a system rather than relying on a singular approach. They act as founda-
tional data sources or intermediate computational tools, i.e., the bottom and middle
tiers of Figure 3.4. The bottom tier consists of empirical data from experiments
and high fidelity models that provide detailed simulations of complex systems. The
middle tier includes intermediate computational tools like system codes and fast
surrogates, which may include machine learning methods. These tools create quick

system simulations based on the foundational data.

A deterministic model’s primary function is to generate output variables, denoted

as Y, Y, ..., Y,,, which serve as the foundation for data collection and parameter
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estimation in developing the meta-model. It is important to note that the BNM and
this framework is agnostic to the deterministic model (and therefore the system it is

emulating), meaning that it can be applied to many uncertain problems.

In the context of fusion research, systems codes can use multiple models that en-
compass different aspects of reactor behavior, including plasma physics, material
properties, neutron transport, and cost estimations. These models collectively form
a comprehensive framework for simulating and analysing fusion reactor systems.
Such examples of a fusion systems codes used in this thesis are the UKAEA developed

PROCESS [196] (see Section 3.6) and Tokamak Energy’s PyTOK (see Chapter 4).

It is important to recognise that insights from the BNM heavily rely on the determin-
istic models that the BN serves as a meta-model. These models may themselves may
not be entirely reliable sources for data due to the uncertainty around fusion tech-
nology and the assumptions used in the algorithms and computations that govern
the codes in emulating fusion technology. Future efforts should explore the incor-
poration of fresh expert knowledge into the BNM as fusion technology development
progresses. This approach can potentially be extended to datasets from other parts
of uncertain fusion research such as materials for fusion, or in components such as

breeder blankets or divertors.

3.4.3 Step 3: Select important parameters

In this phase, the primary objective is to pinpoint and prioritise input parameters

that exert significant influence on the output variables computed by the deterministic
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model. With potentially numerous parameters at play, selecting those that notably
affect the output becomes pivotal for effective analysis using BNM. Consequently,
a decision-making process is required, calling for careful consideration and exper-
tise to identify the most relevant parameters governing the system’s behaviour and
performance. When using expert knowledge to select important parameters, it is es-
sential to ensure that the chosen variables are indeed the most influential, which can
be verified through sensitivity analysis. If the selected parameters are not the most
influential, the BNM may not accurately represent the system’s behaviour, which is

another limitation.

One such example of a decision-making process is a sensitivity analysis, such as the
one in Chapter 2. This screened for the most important cost drivers in STs before
they are used in the BNM in the proof-of-concept below. See Section 3.6 for more

details.

3.4.4 Step 4: Data collection & parameter estimation

Here, the deterministic model is executed to gather data required to configure the
meta-model. It is important to collect data representing the entire design space
to improve the meta-model’s accuracy. Specific sampling techniques such as latin
hypercube or Sobol sampling are employed to ensure the collected data adequately
covers the design space. Figure 3.8 illustrates an example of different sampling
methods of an input region. The collected data is then used to configure the meta-

model. The amount of data required for configuring the Bayesian network could be

165



Chapter 3

3.4. METHODOLOGY

Latin Hypercube Sampling

Sobol Sequence Sampling

Simple Random Sampling

1.01

0.8 o® Yo

o6{ ®e

X2

0.4

02 e

0.0

Xz

1.0

0.8

0.6 +

0.4 4

0.2

0.0

X3

104

0.8 4

0.6 4

0.4

0.2

0.0

Figure 3.8: Sobol, latin hypercube, and simple sampling methods.

seen as a limitation, as it requires a large amount of data to accurately represent the

input-output space. This is particularly challenging in fusion research, where data is

often scarce and expensive to obtain.

3.4.5 Step 5: Bayesian network configuration

The BN is configured at this stage as a meta-model to emulate the deterministic

model, using the inputs selected in Step 3.4.3 and the data collected in Step 3.4.4.

The data is discretised either by equidistant binning or by percentiles, for inputs and

outputs respectively.

Discretisation is a method used in ML to transform continuous variables into discrete

categories or bins. BNs are designed to handle discrete distributions, which means

that datasets need to be discretised into bins before they can configure the BN. The

discretisation process converts continuous data into discrete categories or intervals
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that the BN can use to make probabilistic inferences.

For the purpose of this thesis, two distinct methods of discretisation are presented:
equal distance and percentile binning. For the inputs, the equal distance approach is
applied, while the percentile binning method is implemented for the target (output).
This differentiation accommodates the specific characteristics and requirements of

the inputs and outputs.

For the purpose of this thesis, two distinct methods of discretisation are presented:
equal distance binning and percentile binning. The differentiation in binning strate-
gies accommodates the specific characteristics and requirements of the inputs and
outputs. By using equal distance binning for inputs, we maintain a consistent reso-
lution across the entire range of input values. Meanwhile, percentile binning for the
output helps to manage variability and ensures that the model can effectively cap-
ture the distribution of the target variable. This tailored approach to discretisation

enhances the overall accuracy and interpretability of the Bayesian Network model.

Equal distance binning divides the range of a variable into a fixed number of equal-
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sized intervals or bins. This method assigns values to bins based on their proximity
to the bin boundaries. Equal distance binning is commonly used for discretising
input features in ML because it preserves the linear relationship between the variable
values and allows for easy interpretation of the results. It can be particularly useful
when the variable exhibits a linear trend or when the absolute values of the variable
are important for the prediction task, making it the most appropriate method during
the initial construction of the BN. Refer to Figure 3.9 for an example of the relative

input distribution of a variable that is binned equidistantly.

On the other hand, percentile binning divides the data based on the distribution of
the variable values. Each bin contains an equal number or percentage of data points,
ensuring that the bins capture an approximately equal amount of information. Per-
centile binning is often preferred for discretising target or output variables. This is
because output data distributions are typically less uniform. Percentile binning can
thus help handle bias and create more balanced categories for classification tasks.
By grouping data points based on their relative positions in the output distribution,
percentile binning can ensure that each bin represents a similar portion of the target
variable. This reduces the impact of outliers. Refer to Figure 3.10, for an example
of the relative output distribution of a variable that is binned by percentile. Overall,
the selection of the appropriate discretisation method should be based on an under-

standing of the data distribution, the ML method, and the goals of the analysis.

It should be noted the difference between bin resolution and configuration: resolu-

tion refers to the number of bins used during discretisation, configuration refers to
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Figure 3.10: Output distribution of an example variable, Y7, demonstrating the need
for percentile binning.

the resolution used between inputs and outputs. For example, a resolution configu-
ration of 3:4 uses 3 bins to discretise the inputs and 4 bins to discretise the outputs,

respectively.

Once discretised into probability distributions, both input and output data from the
training dataset determine the structure of the network. This is done by establish-
ing relationships between variables according to the information in the training data.
The BNM learns the parameters and develops the causal relationships between them,
i.e., populates the conditional probability tables with the prior distributions of the
variables. In this context, the pre-configured and validated BNM can then be em-

ployed to perform bi-directional inference in Step 7.

3.4.6 Step 6: Validation & hyperparameter testing

Next, input testing data (excluding the outputs) for validation, which measures the
model’s accuracy. In order to avoid bias, a partitioning technique is used to partition

the dataset into training and testing in & distinct manners, known as k-fold cross-

169



Chapter 3 3.4. METHODOLOGY

validation. This means the BN is built, and then validated & times, with & unique
combinations of training and k testing sets. The ratio of the split between training
and testing sets in each fold is determined by the number of folds used to split the
data by 1/k, e.g., 3 folds will have a test split size of 1/3 = 33%. The validation itself
corresponds to Step 6 in Figure 3.7, however the dataset is split after discretisation,

and ahead of BN configuration.

Hyperparameters are parameters whose values are set before the learning process
begins and are not learned from the data. In the context of discretisation, hyperpa-
rameters refer to the number of bins used, known as the bin resolution or configura-

tion.

These hyperparameters determine how continuous data is transformed into discrete
categories, which impacts the visualisation and interpretation of the data. The choice
of hyperparameters, such as the number of bins, affects the granularity of the dis-
cretisation process. A higher number of bins can capture more detailed variations.
Conversely, a lower number of bins can simplify the model, resulting in a loss of im-
portant information. It can also cause underfitting, where the model fails to capture

the underlying patterns in the data.

Selecting appropriate hyperparameters is therefore an important aspect of model
development and often involves a process of experimentation and validation. Tech-
niques such as cross-validation can be used to evaluate the performance of differ-
ent hyperparameter settings and identify the optimal configuration. In this thesis,

the bin resolution and configuration are carefully chosen to balance the trade-off
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between capturing sufficient detail and maintaining model simplicity and generalis-

ability.

In order to quantify how well the model makes predictions compared to the analyti-
cal response, the predicted values are compared with the test set values in the testing
data. In traditional ML evaluation methods like Root Mean Square Error (RMSE),
the predictions and test set values are typically scalar values, such as numerical mea-
surements or continuous variables. However, in the context of BNMs, the outputs are
probabilistic, distributions, or categorical variables rather than single numerical val-
ues. As a result, standard evaluation metrics like RMSE are not directly applicable,
and alternative or custom approaches must be used to assess the performance of BN
models, which could be seen as another limitation. This can done either by (i) calcu-
lating the difference between the mean of the predicted bin and the simulated value
in the test set, d;, (ii) calculating the difference between the mean of the predicted
bin and the mean of the bin in which the test set value lies, d,. See Figure 3.11.

Using d; and d, values, a normalised distance error (NDE) can be calculated by:

|distance error|

NDE = - —
max bin range — min bin range

(3.3)

The NDE in Equation 3.3 is a measure used to assess the relative magnitude of the
distance error in relation to the range of values in a given bin. It helps to put the dis-
tance error into perspective and make it comparable across different bin ranges. In
Equation 3.3, distance error refers to the absolute difference between the predicted

value and the test set value. max bin range represents the upper bound of the range,
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Figure 3.11: Showing prior (grey) and updated posterior beliefs (red) for d; (left) and
do (right) NDEs.

and min bin range represents the lower bound of the range [256]. By dividing the
distance error by the difference between the maximum and minimum values, a nor-
malised distance error is obtained that takes into account the scale and range of the
data. This normalisation allows for a fair comparison of the distance error across dif-
ferent bin ranges, providing a standardised measure of the error. Figure 3.12 shows

an example of a frequency histogram of the NDE values.

3.4.7 Step 7: Decision support

Here the BNM is used as a tool for decision-making over epistemic uncertainty.
Through reverse inference, this step can identifies the input ranges that will achieve
desired output ranges, enabling engineers to design fusion systems that meet per-
formance targets and operational requirements. This way, engineers and physicists
can explore different design scenarios, evaluate the impact of input parameters on

system performance, and make data-driven decisions in the design process. This
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Figure 3.12: k-fold histogram of normalised distance errors.

approach provides a systematic and efficient way to design fusion systems, ensur-
ing that they meet performance requirements and operate effectively in real-world

conditions.

3.5 Development of the BNM: preliminary modelling

To employ a BN as a meta-model for a complex fusion system, an initial develop-
mental phase is necessary. The objective is to encapsulate a simple, deterministic
physical relationship, where inputs and outputs are clearly defined, easily generated,
and simply constrained. This phase validates the BNM’s foundational programming,
before proceeding to use for more complex fusion analysis codes or deterministic

models. The objectives of the early stage development of the BNM are outlined
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below:

* Verifying the accuracy of the BNM: By validating the BNM with a simpli-
fied model where inputs and outputs are easily defined, it is possible to assess
whether the BNM’s computations align with the expected results. This step
ensured that the BNM accurately represents the physical relationships it aims

to capture.

* Identifying anomalies: The preliminary development phase helps to identify
any programming anomalies within the BNM structure. Detecting and rectify-
ing such issues early in the process is essential to prevent erroneous results in

subsequent analyses.

* Experimenting with data discretisation and sampling methods: Develop-
ment of the BNM for a simple model is is a more robust approach compared
to implementing the fusion systems data right away. It allows for error cor-
rection and model refinement without the resource-intensive requirements of
complex data. Importantly, there is an opportunity test different methods for

data discretisation and input sampling methods.

3.5.1 Application of the methodological framework

Here details the implementation of the BNM for the preliminary model. The aim
is to use the BNM to emulate Newton’s second law, a deterministic relationship be-

tween force (F), mass (m), and acceleration (a) as ' = ma. We note that the
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Figure 3.13: Comparison between a deterministic model and a probabilistic graphical
model for Newton’s second law.

variables involved in this deterministic model in this case are not uncertain; this
model is selected for its straightforwardness and the evident connection between
the input and output variables. The aim is to construct a BNM capable of accurately
forecasting the acceleration of an object based on the applied force and its mass,
facilitating straightforward comparisons between model predictions and test set val-
ues derived from testing data. See Figure 3.13 for a visual representation of how
we seek to do this. On the left, the deterministic model expresses acceleration ()
as a function of force (F) and mass (m), following a = F/m. On the right, the
probabilistic graphical model represents F' and m as random variables with associ-
ated probability distributions, influencing the conditional probability distribution of
a. The joint probability distribution P(F,m,a) encapsulates the uncertainty in the
system, allowing for probabilistic reasoning about acceleration given distributions
over force and mass. The subsequent procedures are undertaken to match those of

the methodological framework outlined above in Section 3.4.
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Parameter Symbol Min-Max Range Units

Inputs
Force F 5.99-11.99 N)
Mass m 5.99-11.99 (kg)
Outputs
Acceleration a 0.510-1.972 (m s?)

Table 3.1: Input and output design variables, along with their corresponding minimum
and maximum ranges and units.
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Figure 3.14: Scatter-grids of the sampled input space.
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In Step 1 the design variables are defined as F’, m, and a. For Step 2, the variables
are arranged according to the equation a = F/m. Samples are generated for F
around the value of 10, and for m around value of 5 both with a standard deviation
of 0.2 and using a uniform distribution, see Table 3.1. Refer to Figure 3.14 for a
visual representation of the sampled input space. Note that only the upper triangle

is shown as the grid is symmetric.

For Step 3 the structure of the BNM is shown in Figure 3.15. The F', and m variables

are selected as inputs, while «a is chosen as the output.

Figure 3.15: Bayesian network representation of a« = F/m according to inputs and
outputs designated in Step 4.

For Step 4 The data generated in Step 2 is then used to calculate the corresponding
a values, see Table 3.1. In Step 5 the BNM is configured using the data generated in
Step 4 and discretised into bins: equal distance for inputs F', and m and by percentile
for a. The conditional probability tables are populated with the prior distributions
of the variables. In Step 6 the BNM is validated using k-fold cross-validation. NDE’s

are calculated for each fold and for both d; and d, methods.

177



Chapter 3 3.5. DEVELOPMENT OF THE BNM: PRELIMINARY MODELLING

3.5.2 k-fold cross-validation & hyperparameter testing

The outcomes of the simplified model are divided based on the examined hyper-
parameters. These hyperparameters include the dataset size, the bin resolution-
configuration, and the method used to measure the NDE. The aim of this analysis
is to determine the optimal hyperparameters that would yield the highest predic-
tion accuracy for the BNM, based on the problem. In doing so, the BNM could
be fine-tuned to achieve the best possible performance and accuracy in predicting
the output variables. Additionally, the analysis verifies theories from the literature
around the impact of hyperparameters on the performance of BNMs. It should be
noted that because the ratio of the training-test split for k-fold cross-validation is
determined by the number of folds, which for BNMs is typically set to 10, this factor

is not investigated as a hyperparameter in this analysis.

Dataset size, bin configuration & NDE

The analysis is split into measuring the impact of: (1) increasing dataset size, (2)
varying bin resolution and configuration for inputs and outputs, (3) and utilising
different NDE d; and d, measurement methods on prediction accuracy. For (1) pre-
diction accuracy measurements are taken whilst also investigating (2) and (3) pre-
diction accuracy shows a non-linear relationship with the size of the dataset, where
the highest prediction accuracy of 92% is observed with a dataset size of 10,000

using a dy NDE measurement, as illustrated in Figure 3.16. See Table 4 in the Ap-
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Figure 3.16: Prediction accuracy [%] versus dataset size for d; and dy errors and bin
resolution.

pendix B.

To evaluate (2) the impact of discretisation on the predictions, various bin resolu-
tions and configurations are examined. In the initial phase of analysis, the resolution
of bins for inputs and outputs are altered simultaneously alongside dataset sizes from
500, 1000, 5000 and 10,000, see Table 4. The results indicated that for dataset sizes
<10,000 using a resolution of 10 significantly impacted the prediction accuracy. Val-
ues decreased across the dataset sizes by 8.5% and 10% for d; and d, measurements,

respectively. The standard deviation of the prediction accuracy for d; and d,; mea-
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surements for a 5:5 bin resolution-configuration across the different dataset sizes is

0.66 and 0.95, respectively. For tabulated results, see Tables 5, 6 in the Appendix B.

Alternatively, it is feasible to adjust the input-output bin configuration independently;
allowing for different resolutions between inputs and outputs. For instance, a con-
figuration of 7 bins for inputs and 5 bins for outputs (7:5) could be used instead
of a uniform configuration like 7:7. To assess the influence of varying bin config-
urations, analysis is conducted for both d; and d, measurements using the largest
dataset. Resolutions ranging from 3 to 10 are explored for every possible combi-
nation. Furthermore, the impact of the NDE measurement methods, d; and ds, on
the prediction accuracy of the BNM is evaluated by calculating the NDE values for
both methods. Figures 3.17a and 3.17b illustrate the insensitivity of prediction ac-
curacy values across bin configurations 3-10 for d; and d, NDE measurements for

all possible combinations of inputs and outputs.

For (2) and (3) results show that, in general, d, measurements produced higher
accuracies than d; measurements across all bin configurations. For d;, a predic-
tion accuracy of 91% is observed with an input-output bin configuration of 8:8, see
Figure 3.18a. For d,, the highest prediction accuracy of 92% is achieved with an
input-output bin configuration of 5:5, see Figure 3.18b. For prediction accuracy
histograms across 10-fold d; and d, measurements, see Figures 2 and 3 in the Ap-
pendix B. There is little variation in the results of average prediction accuracy for
the largest datasets across different bin resolutions and configurations. The stan-

dard deviation for the prediction accuracy for d; and d, measurements across all
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bin resolution configurations between 3 and 10 is 0.44 and 0.29, respectively. For

tabulated results, see Tables 5, 6 in the Appendices.

181



Chapter 3 3.5. DEVELOPMENT OF THE BNM: PRELIMINARY MODELLING

90.6

0.4

92.0
91.5
r90.2
91.0

90.5

T
w0
o
o

90.0

3
(=]
2
Prediction accuracy (%)

Q}' - 89.6

89.4

93.0

-92.5

r92.0

Prediction accuracy (%)

21.5

(b) d>
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Figure 3.18: k-fold histograms representing the d; and d, errors for the first two folds,
using an input-output bin configuration of 8:8 and 5:5, respectively.
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(a) Forward inference: posteriors (red) for a with fixed evidence (green) F' (10.29-11.14 N), and m
(6.00-6.86 kg).
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(b) Reverse inference: posteriors (red) for F and m with fixed evidence (green) a (0.51-0.73 m s2).

Figure 3.19: Prior (grey) and posterior distributions (red) for both forward (a) and
reverse (b) inference based on evidence (green).

3.5.3 Bayesian inference:

For Step 7, the validated BNM is used to make predictions about the output variable
a based on the input data from F and m. The BNM is employed to perform for-
ward inference, predicting an output distribution given the input data. Based on the
hyperparameter analysis, an input-output bin resolution-configuration of 8:8 is used
for the largest dataset. See Figure 3.19a for an example of the posterior distributions
of a with fixed F' and m. Here, it is possible to see that, based on fixing evidence to
F (10.50-11.25N), and m (6.00-6.75kg), the BNM predicts the highest probability
density of a between the range 1.41-1.98m s? which falls in the range of the test set

values if the calculation is to be done by hand.

Next, the BNM is used for reverse inference, where the model predicts the input

distributions given the output variable. See Figure 3.19b. Here, the BNM predicts
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the posterior distributions of /' and m with fixed a (0.51-0.72m s?). The BNM
predicts the highest probability density of F' between the range 6.00-6.76N and
m between the range 11.25-12.00kg, which aligns with the test set values if the

calculation is to be done in the forward direction.

3.5.4 Discussion: preliminary modelling

Hyperparameters impact the BNM’s ability to make accurate predictions. In terms of
input-output bin resolution, this is because the number of bins determines the granu-
larity of the discretisation process. If the number of bins is too low, the discretisation
process is too coarse, and the BNM is not be able to capture the underlying relation-
ships between the variables. On the other hand, if the number of bins is too high,
the discretisation process is too fine, and the BNM is not be able to learn the param-
eters effectively. This is because the BNM does not have enough data to populate the
conditional probability tables, leading to inaccurate predictions. Results may differ
when implementing the BNM fusion systems, as the relationships between the vari-
ables may be more complex and require different bin resolutions and configurations
to capture accurately. For example, if the output variable is highly non-linear, it may
require a higher resolution than the inputs to capture the underlying relationships

between the variables.

Experimenting with different data discretisation and sampling methods is a key as-
pect of the preliminary modelling phase. This is necessary because the choice of

method can impact the BNM’s performance and the accuracy of its predictions. By
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experimenting with these methods in a simplified context, it is possible to identify
effective techniques to use when dealing with more complex fusion systems data. It
should be reiterated that the aim of this analysis is not to theorise hyperparameter
optimisation that could be generalised for any future problem, but to demonstrate
their impact on the specific problem. As shown by Figures 3.17, the prediction accu-
racy of the model is robust to changes in bin resolution-configuration. This demon-
strates that the BNM is capable of making accurate predictions across a range of bin
resolutions and configurations, and therefore when deciding on the bin resolution
and configuration, it is important to consider the specific characteristics of the data
and the problem being addressed. For example, if there a highly non-linear relation-
ship between the variables (which is likely for a complex fusion system), a higher

resolution may be required to capture the underlying relationships accurately.

The lower standard deviation for d, measurements compared to d; suggests that d
provides more consistent prediction accuracies across different bin configurations.
The higher average prediction accuracy for d, versus d, errors is down to how the BN
framework handles the different types of errors. The d; error measures the difference
between the mean of the predicted bin and the simulated value in the testing data,
while the d, error measures the difference between the mean of the predicted bin
and the mean of the bin in which the test set value lies. Thus, the likelihood that the
correct bin is predicted is higher for d; errors, as it is based on the mean of the bin
rather than the test set value. This is an important consideration when interpreting
the results and understanding the model’s performance. The results suggest that the

model may be more sensitive to the bin resolution for d; errors, and care should be
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taken when choosing the bin resolution in this case.

Comparing the impact of dataset size and bin resolution-configuration is achieved by
examining the standard deviation of the prediction accuracy. When considering all
bin resolution configurations from 3 to 10, the prediction accuracy for d; and d, mea-
surements shows standard deviations of 0.44 and 0.29, respectively. This indicates
that varying the bin resolution configuration within this range does not significantly
affect the prediction accuracy. However, when the bin resolution-configuration is
fixed at 5:5 and the dataset sizes are varied, the prediction accuracy for d; and d,
measurements shows standard deviations of 0.66 and 0.95, respectively. This in-
dicates that changes in dataset size have a more pronounced impact on prediction
accuracy compared to changes in bin resolution-configuration. The boundary be-
tween these two effects is determined by the relative magnitudes of the standard
deviations, with a higher standard deviation indicating a greater impact on predic-

tion accuracy.

In the proof-of-concept case study below (and in the industrial study in Section 4.1),
additional sampling analysis is presented for Step 4 of the Framework outlined in
Section 3.4. The choice of sampling method can significantly impact the perfor-
mance of the model, as different methods can lead to different distributions of the
data. By using coarser sampling methods, it is possible to identify the most effective
approach for capturing the underlying relationships between the variables. In addi-
tion, the use of hybrid inference is explored allowing for evidence to be placed on

inputs and outputs simultaneously. This makes it possible to gain a deeper under-
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standing of the relationships between the variables and make more informed deci-
sions during the design and operation of fusion systems. The below proof-of-concept
also examines how the BNM’s computation time is impacted by the bin resolution

and the number of input and output nodes.

3.6 Proof-of-concept: Fusion systems code

In this section, the objective is to expand the initial application of Bayesian networks
as meta-models for a preliminary deterministic model to complex a fusion one. In
doing so, we enable a deeper understanding of fusion power design spaces to help
us make better design decisions. Here, the BN meta-modelling framework is applied
to emulate a fusion specific problem. In particular, the BNM is an emulator for the
same systems code in Chapter 2, PROCESS [196]. The aim is to demonstrate the
BNM'’s capability reason over uncertain information in predictions of capital cost of
a fusion power plant system, based on a set of input parameters. These inputs are

the cost drivers identified from Chapter 2.

Analysis codes, such as PROCESS, are foundational tools in fusion research, provid-
ing detailed insights into the behaviour of plasma and reactor systems. However,
these codes often face limitations when experimental data is sparse or when dealing
with highly complex scenarios. In such cases, Machine Learning (ML) models offer
a complementary approach for surrogate modelling, leveraging simulation data to

simulate various scenarios rapidly.
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Using ML for complex systems has caveats. Depending on the model type large vol-
umes of data could be required which counters the advantage of using ML to bypass
the expensive simulation. Nonetheless, it is crucial to recognise that ML models, of-
ten considered as black boxes, may not inherently provide a deep understanding of
underlying physical processes and depend heavily on data. Integrating ML models
with analysis codes like PROCESS can address this limitation, ensuring that domain
knowledge is incorporated into the modelling process, thereby enhancing the inter-

pretability and robustness of fusion research methodologies.

By using reverse inference, it is possible to identify appropriate design constraints for
the cost drivers that are identified in the sensitivity study from Chapter 2. The same
dataset generated in the sensitivity analysis from Chapter 2 is used. In doing so, it is
possible to validate the BNM against the reference scenarios, focusing on the capital
cost as the output parameter. This can help to inform decision-making and optimise
the design of fusion systems, ensuring that they meet performance requirements and

operate effectively in real-world conditions.

Here, the same ST design basis is used from Chapter 2. To establish a foundation
for the techno-economic investigation, which involved evaluating optimistic, mod-
erate, and conservative scenarios, a thorough sensitivity analysis is performed. The
final phase focused on employing a Sobol analysis, which generated the PROCESS
dataset used for the BNM to learn its parameters in this study. The sensitivity anal-
ysis considered first-order (S;), second-order (S;), and complete interaction effects

(Stor), thus identifying key economic parameters and their interrelationships, con-
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ceptualising the design space of the nodes for the BNM. Overall, the sensitivity study
contributes to a deeper understanding of the factors influencing the capital cost and
therefore, not only demonstrates the suitability of using the dataset generated to
configure the BNM for this study, but also aid in validating the results through the
use of the identified scenarios. The sensitivity study centred on the identification of
capital cost scenarios achieved through the correlation of reference points of input
parameters with capital cost, as shown in Table 2.2. These scenarios served as a
suitable initial case study for validating the BNM in the context of fusion research,

see the Results in Sections 3.6.2 and 3.6.2.

We note that the data used to configure the model is synthetic. This means that
the data is generated by deterministic models itself (in this case, PROCESS), rather
than being collected from real-world observations. To mitigate for this, we generate
large datasets that can be used to train the model. However, it is important to
note that the model is only as good as the data used to train it. There must be
some level of confidence in the data used to train the model. That said, making
probabilistic inferences about the data is a useful way to understand the uncertainty

in the model’s predictions.

3.6.1 Application of methodological framework

The framework used here is the same as that outlined in Section 3.4. It is reproduced
in Figure 3.20a for convenience. Note that Figure 3.20b highlights how the first four

steps of the framework align with the cost driver sensitivity analysis from Chapter 2.
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The following code excerpt demonstrates how to implement and build a BNM for

the proof-of-concept case study.
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from bnmodel copy.bayesian network import BayesianNetwork
# 1. Load the inputs
inputs = {’data’: ’data/st20.csv’,
“inputs’: [’aspect’, ’outlet temp’, ’beta’, ’etanbi’],
‘output’: [’capcost’],
"nbins’: [{’inputs’:5, ’output’:5}],
"nfolds’: 10,
"method’: ’meta’,
‘error_type’: ’'D1’,
"discretisation’: [{’inputs’:’uniform’,
‘output’:’percentile ’}],
"evidence ’:[{’nod’: ’fimpl4’, ’bin_index’: ’5’, ’val’: 1},
{’nod’: ’pseprmax’, ’bin_index’: ’'3’, ’val’: 1}],
b
# 2. Create the model
model = BayesianNetwork (inputs)
# 3. Train the model
model. train ()
# 4. Cross—validate the model
model. validate ()
# 5. Save the model
model.save(’’)
# 6. Run your own inference case based on desired evidence

model.run_model ()
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In the example above, the ‘data’ key defines the file location, while ‘inputs’ and ‘out-
put’ specify the model’s variables. The ‘evidence’ key contains a list of dictionaries,
each representing a node, bin index, and corresponding value. The ‘train’ func-
tion sets up the model, ‘validate’ performs cross-validation, ‘save’ stores the trained

model, and ‘run_model” executes it using the given evidence.
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Step 1: Define design variables

The aim is to model an ST power plant system, determining how economics is im-
pacted by specific physics and engineering parameters that carry significant uncer-
tainty. In this instance, the initial set of design variables is analogous to those in
Table 2.1 from the sensitivity study in Chapter 2. Refer to Section 2.3.1 for justifica-

tion of the parameters.

Step 2: Deterministic model

The deterministic model that the BNM is chosen to emulate is PROCESS, the systems
code developed by UKAEA. It is able to emulate the interplay between the engineer-
ing and physics subsystems that comprise a fusion power plant. The code is given
a study space formed by the constraints set by the user. Then, PROCESS can obtain
the optimum working point (for the chosen figure of merit) using a series of 0D and

1D approximations that model all subsystems, see Chapter 2.3.

Step 3: Select important parameters

The sensitivity analysis detailed in Chapter 2 identifies the most important cost
drivers from the initial set of parameters defined in Step 1. See Figure 3.20b. The
methods Morris and Sobol do this by evaluating the impact of each input parameter
on the output. They are useful for singling out the most influential parameters in a

model, as they provide a global perspective on the system’s behaviour. The analy-
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Parameter Symbol Min-Max Range Units
Inputs

Greenwald fraction G 0.85-1.15

W impurity fraction Fw 1.00e-5-1.00e-4

Separatrix Pep/R  20.0-45.0 [MW/m]

Current drive efficiency factor fcp 0.8-1.2

Aspect ratio A 1.8-2.0

Toroidal field on axis B 3.5-4.5 [T]

Total plasma beta I6] 0.04-0.2

NBI plug efficiency TINBI 0.2-0.6

Turbine inlet temperature ATy 519-819 [°C]
Output

Capital Cost C 4550.5-33788.0 USD $ Million

Table 3.2: Uncertain physics and engineering parameters, along with their correspond-
ing: symbols, minimum-maximum ranges, and units.

sis identifies the most influential parameters, which are then used to configure the

BNM. These are seen in Table 3.2 (revisit Chapter 2.3.1 for parameter descriptions).

The chosen output parameter is the capital cost of the fusion power plant. The capi-
tal cost is a key economic parameter in fusion power plant design, representing the
total cost of building the plant. By modelling it as a function of the input parameter
ranges, the BNM can provide insights into the economic performance of the plant,

and help to identify the key factors that influence it.

Step 4: Data collection & parameter estimation

There is a risk that the use of coarse sampling could miss the true minimum and
fit only a local minimum. This is particularly relevant when dealing with complex
high-dimensional parameter spaces where the true global minimum may be difficult
to identify. To mitigate this risk, it is essential to use a sufficiently fine sampling that

can explore the parameter space more thoroughly.

196



3.6. PROOF-OF-CONCEPT: FUSION SYSTEMS CODE Chapter 3

800

600 A

400 1

200 4

0,
4000 5000 6000 7000 8000 9000 10000 11000 12000 13000
Capital cost, C, [Million 1990 $USD]

Figure 3.21: Capital cost, C, distribution.

In this way, we use the same dataset generated in the sensitivity analysis from Chap-
ter 2 here. The input space is sampled between the parameter limits using Saltelli’s
extension of the Sobol sequence [262, 263]; a quasi-random low-discrepancy se-
quence used to generate uniform samples of parameter space [264]. This represents
a development from the sampling used in the preliminary modelling seen in Sec-
tion 3.5. Sobol sampling extensively investigates the influence of input parameters
on the variance of the target (output), e.g., capital cost, where PROCESS is executed
>10,000 times. Sampling using the Sobol sequence does not require prior knowl-
edge of the underlying distributions of the input parameters. Instead, it generates
a uniform and comprehensive coverage of the parameter space, ensuring that the
entire range of possible values is explored. This method is particularly effective for

sensitivity analysis and uncertainty quantification, as it allows for a thorough inves-
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Capital cost

Figure 3.22: Bayesian network of input parameters ATi,, f&7, Fw, Psep/R, fcp, A,
B, B, ner and the output, C.

tigation of how variations in input parameters impact the output. Therefore, the
operator does not need to have detailed knowledge of the input parameter distribu-
tions to effectively use this sampling method. See Figure 4 for detailed diagram of
the sampling space between the input parameters listed in Table 3.2. Note that only
the upper triangle in Figure 4 is shown as the matrix is symmetric. See Figure 3.21

showing the distribution of the capital cost, C.

Step 5: BNM configuration

The BNM is configured to emulate PROCESS using the inputs outlined in Step 3.
Here the input parameters are shown as parent nodes in blue, and the output pa-

rameter capital cost is the daughter node in red. See Figure 3.22.
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Step 6: Validation & hyperparameter testing

For the inputs, the equal distance binning approach is applied, while the percentile
binning method is implemented for the target, i.e., capital cost. The BNM is then val-
idated using 10(k)-fold cross-validation to assess its predictive accuracy and reliabil-
ity. 10-fold cross-validation aligns with the recommendation by Marcot et al. [265],
who support the prevalent use of k=10 for BNs in literature. See Figures 5, 6 in the

Appendix B.2 for k-fold histograms of the d; and d, errors for each fold, respectively.

Hyperparameter testing

Here, the same calibration technique applied in preliminary modelling from Sec-
tion 3.5 is used to develop the BNM framework, testing it on more complex data and
relationships between input and output parameters. Using the data, hyperparameter

calibration is investigated by examining four factors:

(1) Testing three different dataset sizes to investigate the impact on prediction

accuracy,

(2) Experimenting with various bin resolutions and configurations during discreti-

sation to assess the influence on prediction accuracy.

(3) Applying different NDE d; and d, measurement methods.

(4) Assessing the impact of input node quantity on computation time for training

and validating the BNM.
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Figure 3.23: Prediction accuracy [%] versus dataset size for d; and ds errors and bin
resolution.

For (1) the BNM is configured on dataset sizes of 1400, 5120, and 10240. It is found
that configuring the BNM using the largest dataset resulted in the highest predic-
tion accuracy, see Figure 3.23. This agrees with the findings from the preliminary

modelling completed in Chapter 3.5.

Whilst the improvement of prediction accuracy with increasing dataset size is not
substantial, the results show that the model benefits from a larger volume of data.
This is because it provides a more comprehensive representation of the underlying
distributions and dependencies. Whilst this is not a groundbreaking realisation, it
is a useful reminder that the quality of the data used to configure the BNM does

impact its performance. The findings also ensure that the model does not overfit
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to the training data. Overfitting is where the model becomes too tailored to the
training data and performs poorly on new data. The findings, aligned with those
of Section 3.5, guide data collection for industry applied BNMs, like in Chapter 4.1.
This ensures a sufficiently large dataset for accurate and reliable predictions. This is
especially important when the model is used to make critical decisions in engineering

design in real world scenarios with fusion developers.

For (2) the bin resolution-configuration is changed for all combinations between 3—
10. 3D surface plots visualise the variation in prediction accuracy, shown in Fig-
ures 3.24a and 3.24b. The results show that a 4:3 input:output bin resolution-
configuration resulted in the highest accuracy during k-fold cross-validation using
the d; measurement, and a 4:9 resolution-configuration using the d, measurement.
The respective accuracy values are 93% and 95%. Refer to Figures 5 and 6 in the
Appendix B.2 for all folds. See k-fold histograms in Figure 3.25 showing the first

two folds. See Tables 8 and 9 in Appendix B.2 for the tabulated data.
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Figure 3.24: Showing the insensitivity of prediction accuracy values across all combi-
nations of bin configuration-resolutions 3-10 for (a) d; and (b) d5 errors.
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Figure 3.25: k-fold histograms representing the d; errors for the first two folds, utilising
an input-output bin configuration of 4:3.

There are some important discussion points from this analysis. The first is the overall
impact of bin resolution on prediction accuracy. The standard deviation of prediction
accuracy for d; errors is 0.136, and for errors is 0.132 (see, Figures 3.24 to visualise
the lack of variation). This shows that the prediction accuracy is robust to changes
in bin resolution, underscoring the lack of need for a generalised or benchmark bin
resolution across different BNMs. This leads onto the second point, that a balance
is needed. Too few bins may oversimplify the data, losing important information
between the parameters, while too many bins can lead to overfitting. This is a

similar risk as the one presented in Step 4 using too coarse sampling methods.

Therefore, optimal bin resolution for a given BNM will vary depending on the specific
dataset and the relationships between the parameters. This is an important consid-
eration, as it can impact interpretability of the results from bi-directional inference.
Specifically, the BNM may not be able to capture the complexity of the relationships
in the posterior distributions between the parameters if the bin resolution is too low,

i.e., the model is missing the true minimum and fitting only a local minimum. For
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Bin .

. Prediction

Resolution Aceuracy (%)
Input Output Y
4 3 93.46
5 10 93.46
8 9 93.33
7 3 93.31
8 5 93.27

Table 3.3: Top five bin resolution-configurations in terms of prediction accuracy [%] for
dy errors. Results show the relative insensitivity of prediction accuracy on changes bin
resolution. This means that when deciding on bin resolution-configuration, it should be
based on the visual representation of the data.

example, the difference between the most accurate bin resolution found in the pre-
liminary model from Chapter 3.5 (8:8 for d; and 5:5 for d, errors) and the BNM
presented here is likely due to the inherent differences in the complexity and na-
ture of the data. The preliminary model has both fewer less complex relationships
between the parameters, allowing it to perform adequately with a different bin reso-
lution. On the other hand, PROCESS produces more complex data, requiring a more

balanced bin resolution to avoid oversimplification or overfitting.

To illustrate this point, a comparison of reverse inference is presented using a snippet
of the results from the bin resolution-configuration analysis, see Table 3.3. Here, the
top five bin resolution-configurations and their corresponding accuracies are shown
for d; errors. Taking the first, second and third rows, Figure 3.26 shows the re-
sulting input distributions when implementing the BNM with these bin resolution-

configurations.

The results show that, despite being the best performing in terms of prediction ac-

curacy, the first bin resolution-configuration (4:3) does not capture the complexity
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of the input distributions. This is because the bins are too wide, leading to a loss
of detail in the input distributions. The second bin resolution-configuration (5:10),
while not the best performing, uses a finer resolution for C, and hence provides a
more detailed representation of the input distributions. The third increases the bin
resolution-configuration further (8:9), and provides the most detailed representation
of the input distributions. Increasing the resolution, leads to a shift in probability
densities for input parameters A, 3, AT}, and nyg;, and more detail is revealed. This
highlights the importance of finding a balance between prediction accuracy and in-
terpretability when configuring the BNM. The ‘optimal’ bin resolution-configuration
will depend on the specific dataset and the relationships between the parameters,
and may require some trial and error to find the representation of relationships
between parameters. This kind of tuning is similar to bias-variance trade-off in ma-
chine learning, where the goal is to find the optimal balance between under-fitting

and overfitting the data.
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Figure 3.26: Posterior output distributions (red) for reverse inference on the selected
C range (green). (a), (b), and (c) show the top three bin resolution-configurations in
terms of prediction accuracy, 4:3, 5:10, and 8:9, respectively. We can see how the bin
resolution-configuration impacts the quality of the posterior output distributions and
their relationships with the input data.
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For (3) the average prediction accuracy for d, errors tends to be higher than that for
d, errors, except in the case of using a bin resolution of 10. This agrees with the

results from the preliminary modelling in Section 3.5.

For (4) the computation time significantly increases for validation as the number
of input nodes increases, see Figure 3.27. This is an important consideration when
configuring the BNM, as it can impact the model’s efficiency. This is not a factor in
the preliminary modelling in Section 3.5, because the model had a maximum of two

input nodes, which did not significantly impact computation time.

It should be noted the difference between computation time for validation and train-
ing the model. The computation time for k-fold validation typically takes longer
than the computation time for training the model and performing inference due to

the following reasons:

* Multiple training cycles: in k-fold validation the entire dataset is divided into
k subsets (folds). The model is trained k times, each time using & — 1 folds
for training and the remaining fold for validation. This means that if you use
10-fold validation, for example, the model is trained and validated 10 separate
times. This significantly increases the total computation time compared to

training the model just once.

* Re-training overhead: each training cycle in k-fold validation involves reini-
tialising and retraining the model from scratch. This repetitive process accu-

mulates computational overhead, which adds to the total computation time.
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* Increased input/output operations: the process of repeatedly loading data, sav-
ing models, and logging performance metrics can increase input/output oper-

ations, which can further contribute to the longer computation time.

Time
Time train
Time validate

300 ~

250 A

200

150 4

Computation Time (s)

50

1 2 3 4 5 6 7 8 9
Input Nodes

Figure 3.27: Computation time versus number of input nodes for the BNM using a 5:5
bin resolution.

The results presented in this subsection show how hyperparameter choices impact
BNMs’ performance. However, the optimal hyperparameters for the BNM here may
not work best for the BNM in Section 4.1 of Chapter 4 due to differences the rela-

tionships between variables and complexity of the data. They can guide parameter
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selection and indicate the best dataset size, but should not be used to generalise or
benchmark the model for all BNMs. This underscores the need to adjust hyperpa-

rameters based on the specific dataset for optimal model performance.

Step 7: Decision support

The scenarios and their interpretations presented in Chapter 2 are uncertain. Here,
we offer the ability to reason over their uncertainty using bi-directional inference.
Observational evidence is introduced on inputs and outputs, corresponding to the
reference scenario values, see Table 2.2 in the Chapter 2. For instance, in the op-
timistic case of Pi,/R, where the reference value is 42 MWm', observational evi-
dence is assigned to the relevant bin range, for example, 41.9-45 MWm™, i.e., the
eighth bin. The resulting posterior distribution for the capital cost, C', can then be
compared to the reference scenario. This offers another way of testing the BNM’s
predictions beyond k-fold methods. It also bolsters the interpretations of the sce-
nario analysis. This is because the results are probabilistic distributions, rather than
continuous values. In each direction, the scenarios are used as references to con-
strain the model, providing a basis for the validation. The results of the forward and

reverse inference analyses are presented in Section 3.6.2.

3.6.2 Results: Bayesian inference

We present results from forward inference, focusing on the predictions of capital

cost ranges concerning uncertain, yet economically significant, fusion input param-
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eters. Reverse inference, shows the probabilistic ranges for fusion input parameters
while considering uncertainties in capital cost. Lastly, we present insights from hy-
brid evidence analyses, wherein both capital cost and specific fusion economic input
parameters are constrained simultaneously. Hybrid analyses therefore predicts the

remaining unconstrained parameters under conditions of uncertainty.

Forward Inference

To illustrate the forward problem of conducting inference from inputs—outputs, Fig-
ure 3.28 shows posterior probability distributions of capital cost for each reference
scenario (refer to Table 2.2 in Chapter 2), denoted in red. These distributions are
shown with the input evidence for the input parameters, depicted in green. In each
instance, the posterior prediction is spread across multiple bins. However, the prob-

ability density is centred around the corresponding reference scenario bin range.

For example, in the placing evidence on the inputs for the optimistic case, the
model predicts a capital cost within the range of $4.550-4.798 billion USD, see Fig-
ure 3.28a. This aligns with the reference scenario, where the capital cost is $4.551
billion USD. In the moderate scenario, the model predicts a capital cost within the
range of $5.192-5.892 billion USD, see Figure 3.28b. This is consistent with the
reference scenario, where the capital cost is $5.224 billion USD. In the conservative
scenario, the model predicts a capital cost within the range of $9-10 billion USD,
see Figure 3.28c. This is in line with the reference scenario, where the capital cost is

$9 billion USD. Refer to Table 2.2 in Chapter 2 for the reference scenario values.
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Figure 3.28: Posterior distributions (red) for C' using forward inference on the selected
input ranges (green). (a), (b), and (c) display the optimistic, moderate, and conservative
capital cost scenarios, respectively.
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Reverse Inference

To demonstrate the reverse problem of conducting inference from outputs—inputs,
Figure 3.29 shows posterior probability distributions for input parameters in each
reference scenario, depicted in red. These distributions are contrasted with the out-
put evidence for capital cost, denoted in green. Here, the model captures the strong
inverse relationship exerted by both 3, and A on capital cost. In order to achieve
the lowest capital cost values of $4.550-4.798 billion USD in the optimistic case,
values must exceed 0.14 and A should surpass 1.9, see Figure 3.29a. This is consis-
tent with the reference scenario, where 5 is 0.18 and A is 2.0, refer to Table 2.2 in

Chapter 2.

The model identifies an inverse relationship between low capital cost and 7yg; and
ATy, although these correlations are less pronounced than for 5 and A. These find-
ings suggest that achieving a capital cost in the range of $4.550-4.798 billion USD
is more likely with higher AT}, values exceeding 980°C and increased nyp; efficiency
values exceeding 0.40. In contrast, parameters such as f&v", Fw, Piep/R, fop, and
Bp® show little or no sensitivity to capital cost values within this range. See Fig-

ure 3.29a.

For reverse inference in the moderate capital cost case $5.192-5.384 billion USD,
the probability density shifts to lower values for 5 and A to 0.10-0.16 and 1.80-
1.85 respectively. The posteriors for § align with the reference scenario, refer to

Table 2.2 in Chapter 2. In contrast, parameters such as &, Fw, Piep/R, fcp, and
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Bp# show little or no sensitivity to capital cost within this range. See Figure 3.29b.

In the context of the conservative, high capital cost case ($7.010-9.743 billion USD),
the probability density of 5 shifts to a lower range 0.04-0.10, aligning with the
reference scenario value in Table 2.2. All other parameters show no sensitivity to

capital cost within this See Figure 3.29c.
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Figure 3.29: Resulting posterior distributions (red) for inputs using reverse inference
the selected capital cost ranges (green). (a), (b) and (c¢) display the optimistic, moderate
and conservative capital cost scenarios, respectively.
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Hybrid Inference

In this analysis, concrete evidence is placed on a combination of input parameters
and capital cost. This offers fusion developers a tool to navigate their entire de-
sign space. Evidence is set on certain input parameters or using existing data, while
defining a target capital cost. For example, an ST developer may have a design con-
cept with a pre-determined A, and a capital cost ceiling. By setting A and capital
cost within the ranges seen in Figure 3.30 the model predicts the remaining input
parameters. The analysis highlights the sensitivity of 5, ATi, and nyg; in this hy-
brid scenario. The probability density of the posteriors for 5, ATi, and nyp; shift
to between 0.14-0.20, 980-1093°C and 0.40-0.60, respectively. There are slight

bi-modal distributions seen in the posteriors for P,/R and fcp. The remaining pa-

rameters show little or no sensitivity to A and capital cost within these ranges.
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3.6.3 Discussion

Bi-directional inference

Let’s remind ourselves that developers already have a broad understanding of how
the input parameters could relate to capital cost. For example, understanding that
high $ machines can likely decrease overnight costs. However, capturing the prob-
abilistic relationship between these variables is a powerful tool for developers. The
BNM can provide a more nuanced understanding of the relationships between in-
put parameters and capital cost, and the uncertainties associated with these rela-
tionships. This can help developers make more informed decisions about how to

optimise their designs to reduce costs.

The BNM is able to predict capital cost ranges for the reference scenarios in Chap-
ter 2, despite the complex interplay of input parameters. This suggests that fusion
technology developers can use these models (alongside other computational meth-
ods) to make informed decisions. Not only concerning potential capital costs in the

face of uncertainties, but any uncertain parameter in a fusion technology.

For forward inference, the distributions of the capital cost posteriors across a wide
range within each scenario underscores the presence of uncertainty in estimating
capital cost based on the provided input evidence. While the highest probability bin
aligns with the reference scenario value, the model acknowledges that capital cost
can vary within a certain range, reflecting the uncertainty associated with fusion

system design. This indicates the importance of considering a range of potential
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cost outcomes rather than relying solely on a single point estimate, especially in the
context of complex and uncertain fusion technology development. Despite high 7yg;
and fcp, the impact of achieving optimal physics (i.e., high 5) and geometry (i.e.,

A) are more influential on capital cost.

The inverse relationships between 3, A, and capital cost provides valuable design in-
sights. Developers can prioritise adjusting these parameters to achieve cost-efficient
fusion designs, aiming for § >0.15 and A > 1.9 to minimise capital expenses. The
correlations between capital cost and nyg; and AT}, highlight the sensitivity of capital
costs to specific operating conditions. Higher AT;, exceeding 980°C and increased
nner efficiency surpassing 0.40 are associated with the likelihood of a lower capital
cost machine. On the other hand, the non-linear relationships between capital cost
and parameters like Fy, Psp/R, fop, and BF*®* highlight the complexities involved
in cost estimation. Developers should be cautious about making assumptions or

simplifications regarding these parameters’ effects on capital cost.

The use of reverse inference in the moderate scenario indicates that S should exceed
0.10 ($5.192-5.384 billion USD). This suggests that designs with elongated plasmas
may be more cost-effective within this cost range. The probability density of A
around 1.80-1.85 in the same scenario indicates that an optimal A shifts from the
design point predicted in the optimistic case. This shows that the BNM is able to
capture the theory that specific aspect ratio is critical for cost control, due to its

influence on plasma stability or energy confinement.

On reverse inference in the conservative scenario, $7.010-9.743 billion USD, the
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model predicts a probability density of 5 ranges of of 0.03-0.10, i.e., the lowest
range. If  is low, it could indicate that the magnetic pressure dominates, which
could require more energy (and therefore higher costs) to maintain the plasma. This
could explain why the BNM indicates that lower [ posteriors are associated with

higher costs.

Hybrid Inference

According to this analysis, reactor geometry is strongly linked to power plant eco-
nomics. By visualising the BNM’s distributions of A whilst applying evidence to other
inputs and the capital cost, developers can make informed decisions on A in their
designs. For instance, as demonstrated in Figure 3.31, evidence is applied to inputs
such as Fw, Psp/R, fcp, and fGi*, while constraining capital cost to the moderate
bin range. The resulting posterior distributions for 5 and A span the ranges of 0.1-
0.2 and 1.87-2.0, respectively, rather than resulting in a concrete prediction in one

bin range as with previous scenario analysis.

3.7 Conclusions

It is possible to transition the use BNMs in emulating simple problems to more com-
plex fusion ones, especially using the framework presented. The prediction accuracy
of the BNM is robust to changes in bin resolution, and therefore there is no set way to

implement hyperparameters. Their use is dependent on the number of dimensions
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Figure 3.31: Posterior distributions (red) for A, Bf'®*, ATj,, 3, and nng using hybrid
inference on the selected Fw, Psep/R, fcp, and fEi* ranges (green).

and the causal relationships uncovered by the BNM through inference. Deciding
on the bin resolution-configuration for discretisation is dependent on the posterior
distributions of parameters. Bin resolution and configuration is important, as both
overly coarse and overly fine resolutions can potentially introduce inaccuracies in
predictions due to insufficient data representation or overfitting. If the distributions
are flat and wide, a higher resolution is needed. If the distribution is narrow and
peaked, this indicates a sensitivity of that parameter to the evidence applied. Larger
datasets (i.e., >10,000 samples) are better to use, especially for complex problems.

Generally, more input nodes lead to longer computation times.

The BNM is able to align its predictions in line with the optimistic, moderate and
conservative techno-economic scenarios in Chapter 2. Bi-directional inference em-
phasises the impact of physics and reactor geometries on cost reduction compared to
engineering efficiencies. In general, physics parameters are more important in fusion

economics. The impact of AT}, shows the need for continued research and develop-
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ment in heat extraction to determine the best operational temperatures for STs. The
visualisation of uncertainty in the parameters through probabilistic distributions is a

powerful tool for developers to make informed decisions.

A note on hyperparameter tuning investigations

Section 3.5.2 aims to establish a robust methodology for setting optimal hyperpa-
rameters for the BNM. The comparison between the sensitivity of hyperparameters
in the preliminary model from Chapter 3 and the proof-of-concept in Chapter 3.6 re-
veals a strong non-linear relationship with the dataset size in the case of preliminary
model, while the proof-of-concept BNM in Chapter 3.6 shows a less pronounced non-
linear relationship. The BNMs in both case studies show prediction accuracies that
are robust to changes in bin resolution-configuration. Thus, there is not a one-size-
fits-all approach for setting different bin resolutions. The deciding factor often comes
down to a combination of ensuring a detailed representation of the relationships be-
tween parameters, and computation time, especially when there is more than one
output node. When it comes to computation time specifically, the BNM does not ex-
pedite computational processes compared with traditional surrogate model, which
can be seen as a limitation. However, the BNM does offer a more detailed repre-
sentation of the probabilistic relationships between parameters, which can be more

useful in decision-making processes.
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3.8 Chapter summary

We present: a universal framework for implementing uncertainty-aware BNMs as
techno-economic models in fusion, methods to test and develop the framework using
a preliminary non-fusion model, and a proof-of-concept case study using a fusion
systems code. We deliberately develop and test BNM to be agnostic to any uncertain
problem. In doing so, we show that the methodology can be implemented, validated
and easily interpreted. The framework is tested through a series of hyperparameter
analyses, k-fold cross-validation, and forward and reverse inference on a preliminary

input-output model.

The impact of hyperparameters on the performance of the BNM in predicting out-
comes within fusion research is evaluated. These include input-output bin resolution

and different error measurements, specifically comparing d, and d,.

Lastly, the case study in Section 3.6 introduces a proof-of-concept methodology for
using BNMs to make predictions around uncertain fusion economics. This approach
identifies economic regions of design spaces. As a result, developers gain a proba-

bilistic understanding their uncertain designs to aid in decision-making.
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Industry case study

Chapter 3 outlines a proof-of-concept methodology for using a BN meta-model to
emulate a UKAEA systems code over uncertain information. This chapter presents a
novel implementation of the BN meta-modelling framework for a real-world industry
case study. The aim is to use reverse inference as a tool to identify feasible regions
of parameters under uncertain data in a systems code from Tokamak Energy, Python
Tokamak Energy systems code (PyTOK). In doing so, Tokamak Energy can improve

their decision-making process in the design of an early fusion pilot plant concept.

The majority of the content presented in this chapter has been submitted to the
peer-reviewed publication, Nuclear Fusion, an International Atomic Energy Author-

ity journal by the Institute of Physics and is in-review.

* T. Griffiths, Z. Xuereb Conti, C. Wilson, C. Clements, J. Astbury, M. Bluck,
‘Decision support for engineering and design in a fusion pilot-plant concept
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using Bayesian networks as meta-models’. Nuclear Fusion, an International

Atomic Energy Authority journal by the Institute of Physics— in-review.

Separately to the PROCESS proof-of-concept ST in Chapter 3, the BNM here repli-
cates an ST in its design phase. The focus of parameters shifts from those purely
economic to other reactor performance outputs, such as high-grade heat. Specifi-
cally, outputs of economics and performance are evaluated against uncertainties of
inputs. These include plasma physics, reactor geometry, and magnetic field strength

for plasma containment.

The structure of the chapter is as follows: Section 4.1 details the implementation
of the BNM, Section 4.2 discusses the implications of the results on the Tokamak
Energy’s design approach, and Sections 4.3 and 4.4 conclude and summarise the

findings.
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4.1 PyTOK (Tokamak Energy Ltd)

Under the Milestone-Based Fusion Development Program [266, 267], The US De-
partment of Energy (Department of Energy (DOE)) selected Tokamak Energy to de-
velop a spherical tokamak Fusion Pilot Plant (Fusion Pilot Plant (FPP)) concept. In
this context, a BNM serves as a proxy for Tokamak Energy’s fusion systems code, Py-
TOK, used in the design and operational planning of such an FPP. The concept must
meet certain criteria. This includes net electricity generation >50MWe at a capi-
tal cost that will attract private investment from commercial partners [268]. Under
the scheme, private-sector-led team are invited to deliver FPP pre-conceptual de-
signs, define technology roadmaps, and pursue research and development to resolve
critical-path scientific and technical issues on the way to an FPP design [266, 267].
Therefore, this chapter aims to provide a comprehensive analysis of design points for
a concept Tokamak Energy FPP, whilst considering the uncertainties in the techno-

economic parameters.

It should be restated that the FPP concept is pre-first-of-a-kind (pre-FOAK). As a
result, some design points do not produce net electricity. This departs from the PRO-
CESS proof-of-concept from Section 3.6 of Chapter 3: an n'"-of-a-kind (NOAK) FPP
capable of producing 500MWe for a future energy system. This case study intro-
duces multiple output nodes on the BNM, further setting it apart from the PROCESS
proof-of-concept. The use of the framework helps Tokamak Energy make decisions in

the face of uncertainties. Through bi-directional inference, results provide insights
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into the implications of the BNM on Tokamak Energy’s design approach, enabling

real-time optimisation and feedback for ongoing design decisions.

4.1.1 Application of methodological framework

Under the DOE criteria, we leverage the BNM using inference to predict distributions
of inputs that achieve <140 MWe peak electricity generation, whilst minimising cap-
ital expenses to attract private investment (see Phase 1b and 2 in [268]). While a
specific value for such a capital cost is not stated, such a figure is assumed to be be-
tween <$5-6 billion. Thus, the range used in this study ($3.4-8.4 billion) meets the
necessary criteria. The same methodological framework is applied as in Section 3.4
of Chapter 3. Refer to Figure 4.1a reproduced here for convenience. Note that a sen-
sitivity analysis to screen the most important parameters was not required for this
case study. This is because parameters were selected based on expert knowledge at

Tokamak Energy, refer to Figure 4.1b.
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Figure 4.1: (a) The Bayesian network meta-modelling framework and (b) showing
PyTOK as the deterministic model for Step 2 and expert knowledge provided by Tokamak
Energy for the selection of important parameters in Step 3.
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Step 1: Define design variables

The aim is emulate the early FPP concept that meets the criteria from the DOE [268].
We want to provide insights that can help Tokamak Energy optimise their design

through better decision-making.

Step 2: Deterministic model

The deterministic model is ‘PyTOK’, an in-house Tokamak Energy systems code that
finds the optimum working point using a series of 0D and 1D approximations that
model all subsystems. While PyTOK provides a valuable framework for optimising

tokamak designs, it is important to critically assess its limitations and potential flaws.

One potential limitation of PyTOK is its reliance on OD and 1D approximations.
These simplifications can overlook important three-dimensional effects and interac-
tions within the tokamak, potentially leading to inaccuracies in the model’s predic-
tions. For example, 0D models may not fully capture the spatial variations in plasma
parameters, while 1D models may oversimplify the complex geometry and magnetic

field configurations of the tokamak.

Additionally, PyTOK’s accuracy depends on the quality of the input data and the
assumptions made in the model. If the input data is outdated or inaccurate, or if the
assumptions do not accurately reflect real-world conditions, the model’s predictions
may be flawed. This can impact the reliability of the optimisation results and the

subsequent decision-making process.
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Parameter Symbol Min-Max Range Units
Inputs

Major Radius R 3.0209-3.9988 (m)
Aspect Ratio A 1.7990-2.4938
Effective Ion Charge Zoff 1.1981-2.4976
Toroidal Field on Plasma Br 4.0545-5.9988 (D)

Outputs
Net Electrical Output E -536-140 (MWe)
High Grade Heat H 89-769 (MWt)
Capital Cost C 3427.12-8448.38 ($USD Million)

Table 4.1: Input and output parameters for the early FPP concept, along with their
corresponding ranges and units.

Step 3: Parameter selection

The parameters for the BNM are carefully selected based on expert knowledge at

Tokamak Energy and the US DOE, indicating high sensitivity of desired outputs to

the inputs and known techno-economic constraints. Unlike in the PROCESS proof-

of-concept, narrowing down the most important parameters was handled internally

at Tokamak Energy, and thus a sensitivity analysis was not required. See Table 4.1.

The definitions of each parameter and justifications for their respective ranges can

be found below. The chosen input parameters include:

Major radius (R [m]): denotes the distance from the centre of the ST to the centre

of the plasma. Refer to Figure 2.2 from Chapter 1. There are several justifications

for the range shown in Table 4.1 (3 < R[m] < 4). On the lower end we need

enough space to shield the centre column’s high-temperature superconductor (High-

Temperature Superconducting (HTS)) TF magnets. Shielding minimises heat load
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for the cryogenic system and allows a reasonable HTS magnet lifetime otherwise
limited by excessive neutron fluence. On the upper end, the bound places a practical
limit on HTS tape length and component size. R’s significance in economic fusion,

particularly concerning the commercialisation of STs, stems from several key factors.

A larger R increases the plasma volume, which scales approximately as R* (assum-
ing a constant aspect ratio), providing more fuel for fusion reactions. There are also
influences on plasma stability, which needed to sustain fusion reactions. By provid-
ing sufficient space for plasma confinement, a larger R can also mitigate instabilities
and turbulence within the plasma, which can otherwise disrupt fusion reactions and

degrade overall performances.

From an economic standpoint, the R impacts reactor engineering and infrastructure
costs. While larger power plants may require more materials, they often result in im-
proved fusion performance, higher energy output, and potentially lower operational

costs per unit of electricity generated.

Aspect ratio (A) is a fundamental parameter in fusion reactor design, representing
the ratio of the R to the minor radius (a) of the plasma confinement region. Refer
to Figure 2.2 from Chapter 1. In the context of fusion physics, particularly within
the domain of STs, lower aspect ratios are characteristic features, defined by a range

seen in Table 4.1 (1.8< A <2.5).

The A influences plasma stability and confinement properties, with lower aspect
ratios (i.e., those seen in STs) typically associated with enhanced plasma stability

and improved confinement characteristics [206]. STs typically have less space in the
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central solenoid, limiting the ability for self-start-up, therefore requiring additional
non-inductive current drive methods e.g., Neutral Beam Injection (NBI). It has been
shown that neutral beam injectors can lack efficiency (20-25%) and require large
ports. These can have a detrimental effect on tritium breeding [269, 270]. By
contrast, Electron Cyclotron Resonance Heating (ECRH) methods do not require
ports. They could be more efficient, requiring small apertures for the launchers, so
offer more relevance to power reactors [271, 272, 273]. The bootstrap fraction is
also related to A. One way to minimise the power required for current drive is to

reduce the A; but (as mentioned) this means less space for the solenoid.

Low A designs (more spherical) have tighter inboard constraints (e.g., limited space
for shielding, current drive, and blanket technology). If R increases while maintain-
ing low A, the central stack (toroidal field coil) must also grow, affecting cost and

engineering feasibility.

Effective ion charge (Z.¢): This parameter serves as a metric for the average charge
state of ions, reflecting the balance between the positively charged ions and the
negatively charged electrons within the plasma. It determines the amount of power
radiated from the plasma due to electronic transitions, recombination and stripping

reactions:

Zeff = %T 4.1)

where n; is ion density for species i and Z; is the charge state of speciesi. ) . n;Z; =
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n. by quasi-neutrality, where n, is the electron density, so:

(4.2)

The range seen in Table 4.1 (1.2< Z. <2.5) considers the possibility of a small
percentage of lithium ion concentrations owing to the liquid lithium in the wall of
the divertor. This could be beneficial for plasma performance and stability as well as
plasma-facing component (Plasma-Facing Component (PFC)) protection. The radi-
ated power is critical in the power balance of the plasma, with the other loss mech-
anism being conducted power (i.e., the combined kinetic energy of ions transported
to the first wall and divertor). The energy confinement time is defined as the stored
energy of the plasma divided by the power lost, which is the total absorbed power
minus the radiated power. Thus, it is important for a given plasma configuration to
strike balance between energy confinement and power load on the solid surfaces.

Figure4.2 shows a schematic of a liquid lithium divertor configuration [274].

A higher effective ion charge suggests a greater dominance of higher charge states
among the ions in the plasma. This can occur due to various factors, including
the presence of impurities. Impurities include trace elements or contaminants in-
troduced into the plasma. They can significantly influence the effective ion charge
by contributing additional charge states to the overall distribution. The presence of
impurities can lead to increased radiated power, which can be detrimental to the
plasma performance. The radiated power can cause a reduction in the plasma tem-

perature, which can lead to a decrease in the fusion reaction rate. This can result
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Figure 4.2: Schematic of a liquid lithium divertor configuration showing: (a) lithium
pool; (b) lithium pool and circulation pump; (c) wick; (d) wick and circulation pump.
Wick is made of meshes, fabrics or capillaries. Wick is usually installed to hold liquid
medium in a heat pipe. Since the liquid metal has strong surface tension, liquid lithium
can be held and circulated by the capillary action as in a heat pipe. The wick is also
useful to suppress splashing the liquid lithium [274].
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in a reduction in the overall fusion power output of the plasma, therefore impacting

the cost-effectiveness of the reactor.

In carbon-walled tokamaks, a typical starting point for Z is 2 [275, 276]. Some
comprehensive databases limit their scope to scenarios with relatively low Z. val-
ues [277], rendering their scaling laws applicable for Z.4<3 and potentially unre-
liable for greater Z.¢ values. The ITER physics basis from 1999 projects Z. to be
between 1.8 and 1.9 [278, 279], as exceeding this range could lead to excessive fuel

dilution.

Toroidal field on plasma (Br [T]): The toroidal field strength in STs is crucial to
the overall magnetic confinement system. Br works with the poloidal field (PF)
generated by the coils and the plasma current. It wraps around the vacuum vessel in
the direction of the R, contributing to the magnetic confinement of the plasma within
the central region of the device. This combined magnetic field structure prevents the

plasma from expanding radially outward, potentially damaging the PFCs.

The range seen in Table 4.1 (4< Br[T] <6) is bounded by the strong scaling of fusion
power with By (Pys o< Bj). Therefore, high fusion power (Py) and high plasma
gain ((),) are achievable only if By is sufficiently high (above ~4 T). However, as
STs also operate with a high plasma-/3, which increases P (ox %), it is neither
required nor economical to operate at high Br. Increasing Py, for a given reactor size
increases neutron wall loading, reducing the lifetime of PFCs and other components.
Higher fields imply higher cyclotron resonance frequencies, which are undesirable

for electron cyclotron resonance heating (ECRH) -recall that due to power losses

233



Chapter 4 4.1. PYTOK (TOKAMAK ENERGY LTD)

from radiation it is necessary to use supplementary external heating (to maintain
plasma temperature and thus sustain fusion reactions), such as ECRH. Furthermore,
very high fields necessitate either more HTS-tape turns or higher current density,
both of which are undesirable beyond certain levels. Therefore, a field between 4-6

T is generally considered to be best.

The strength of the toroidal field influences the stability and performance of the
plasma. A stronger toroidal field increases the magnetic field gradient on the inboard
side of the plasma, enhancing particle confinement by causing particles to spend
more time in this region. r typically refers to the radial distance from the central
axis of the plasma torus to a point within the plasma. So, r < R specifies the
region closer to the central axis within the plasma and magnetic confinement system,
i.e., the inboard side. This region is subject to stronger magnetic fields and plays a
critical role in the plasma confinement and stability. This improved confinement
helps suppress instabilities and turbulence within the plasma, which can otherwise
disrupt fusion reactions and degrade overall performance. Producing more stable
plasmas with higher field strengths requires more magnetic material, has potential

to increase costs.

The chosen output parameters are:

High grade heat (H [MWt]): H refers to the thermal energy harnessed in a ther-
modynamic cooling cycle by the breeder blanket. The thermal energy is used for
conversion into usable heat or electricity. The heat can also be utilised for various

industrial processes, district heating, or power generation, maximising the reactor’s

234



4.1. PYTOK (TOKAMAK ENERGY LTD) Chapter 4

energy output and overall efficiency [31]. Efficient utilisation of heat maximises
the overall efficiency of the fusion reactor if non-electric applications can be imple-

mented alongside electricity generation [104].

Net electrical output (E [MWe]): This parameter denotes the amount of electri-
cal power that can be generated from the high-grade heat (gross electrical power),
minus the electrical power required to sustain the fusion reaction and plant (recir-
culating power). In other words, a high £ means that the power plant is producing
usable electrical energy. Therefore, an elevated £ means that the power plant can

contribute significantly to the grid.

Capital cost (C [million USD]): This represents the overnight cost of building the
fusion power plant. The cost model used by the deterministic model (PyTOK) is
based on the United States Department of Energy ARIES-Advanced Tokamak cost
model [280]. While it is not within the scope of this work to delve into every specific
detail of the cost model, it is essential to acknowledge and explain its attributes and

limitations.

The ARIES-Advanced Tokamak cost model provides a comprehensive framework
for estimating the capital costs associated with fusion power plants. It includes
various components such as construction costs, equipment costs, and contingency
allowances. However, like any cost model, it has inherent limitations and uncer-
tainties. For instance, the model relies on assumptions about future technological
advancements, material costs, and labour rates, which may not accurately reflect

real-world conditions.
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One of the key attributes of the ARIES cost model is its ability to provide a detailed
breakdown of costs, allowing for a granular analysis of different cost components.
This can be useful for identifying cost drivers and areas where cost reductions may be
achievable. However, the model’s reliance on historical data and assumptions means
that it may not fully capture the dynamic and evolving nature of fusion technology

development.

In this thesis, we use the BNM to address some of the uncertainties in the capital
cost ranges. By employing forward and reverse inference, the BNM can provide
probabilistic distributions of capital costs, offering a more nuanced understanding
of the potential cost outcomes. This approach allows us to account for the inherent
uncertainties in the cost model and provides a more robust framework for decision-

making.

Step 4: Data collection & parameter estimation

The input space between the parameter limits is sampled using the same Sobol
method used for the PROCESS proof-of-concept in Chapter 3. The data is collected
from the PyTOK systems code to produce a dataset size of 10,420. See Figure 4.3
for detailed diagram of the sampling space between the input parameters listed in
Table 4.1. Note that only the upper triangle is shown in Figure 4.3 as the matrix
is symmetric. See Figure 4.4 for histograms showing the distribution of the out-
put parameters. H shows a multi-modal distribution, typically an indication of high

non-linearity in the modelling between inputs and outputs.

236



4.1. PYTOK (TOKAMAK ENERGY LTD) Chapter 4

R [m]

Zeff

Br [T]

R [m] A A BT
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Figure 4.4: Histograms showing the distributions of outputs C, E, and H.

Step 5: BNM configuration

The BNM is configured to emulate PyTOK using the inputs outlined above for Step 4,
see Figure 4.5. The data is discretised using a bin resolution of 7 for the inputs and
5 for the outputs. Such a resolution-configuration best captures the relationships

between parameters without compromising on computation time.
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Figure 4.5: Graphical representation of the BN structure where nodes represent the
inputs R, A, Z., Bt and the output variables H, E, and C.

Step 6: Validation & testing

For 10(k)-fold cross-validation, d; error measurements and an input-output resolution-
configuration of 5:5, the prediction accuracy is 87%. Figure 4.6 shows the first two
folds, for all ten folds, see Figure 7 in the Appendix C. The accuracy is deemed ac-
ceptable for the model’s intended use in engineering design, however it is lower than
the PROCESS proof-of-concept BNM in Section 3.6 of Chapter 3 by approximately
5%. The reason for this is unknown, but it is likely down to the increase in dimen-
sionality of the output problem with three nodes instead of one. The computation
time taken to configure and validate the BNM is higher compared to the PROCESS
proof-of-concept, due to the increased number of output nodes. As such, additional
analysis is conducted below to determine how computation time and prediction ac-

curacy are impacted by the number of output nodes.
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Figure 4.6: k-fold histograms of the d; errors for the first two folds, using an input-
output bin configuration of 5:5.

Computation time

Computation time refers the time taken to: train (configure), validate, and per-
form inference using the BNM. The analysis presented is based on the number of
output nodes and bin resolution, as shown in Figures 4.7a and 4.7b (Refer to the
Appendix 11, 12 for tabulated data). The results indicate that computation time for
training and validation increases with the number of nodes (using a fixed bin reso-
lution of 4:4), with the most significant rise occurring when the number of output
nodes exceeds 2. Similarly, there is an increase in computation time for training and
inference when the resolution exceeds 8 bins (using 3 output nodes), taking over

200 s.

In general, the computation time remains manageable. However, a trade-off ex-
ists: with three output nodes, prediction accuracy decreases by approximately 3%
compared to one node, and computation time for validation increases by three or-
ders of magnitude. While prediction accuracy remains consistent as bin resolution

increases, computation time for validation surges from minutes to >2.5 hrs when
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increasing resolution from 3 to 5 bins, using 3 output nodes. BNMs hold an advan-
tage over high-fidelity methods in their low computational demands. However, this
benefit is suppressed if the validation time increases to impractical levels. That said,
when using 3 nodes, the prediction accuracy remains robust to increases in bin res-
olution. Additionally, computation time for training and inference does not increase

to impractical levels when increasing resolution or output nodes.

240



4.1. PYTOK (TOKAMAK ENERGY LTD)

Chapter 4

- | +90.5
Time train
Time validate
Prediction Accuracy F 90.0
103 4
r89.5—
- 2
O >
(=)
£ -89.0 ©
= 10?4 3
S [u]
e} - 88.5 <
© =
5 0
B g
s il -r88.0T
O 10 E
o
- 87.5
100 - -87.0
T T T T
1 2 3
Output Nodes
(a)
100
105 ,
r——r——— o . -
Time train
Time validate L so
Time inference
; —&— Prediction Accuracy
10%
) &
] >
k60
E %)
E g
]
e v
] 102 4 <
o c
= =
g— Lao ©
= o
O g
o
101 4
F20
10° T T T T T T T 0
2 3 5 6 7 8 9 10

Bin Resolution

(b)

Figure 4.7: Computation time and prediction accuracy [%] versus number of output
nodes (a), and bin resolution using three output nodes (b) for the BNM. For (a), the bin

resolution = 4:4.
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4.1.2 Results: bi-directional inference

Corresponding to Step 7: Component design optimisation in the methodological
framework (Refer to Figure 3.7 of Chapter 3), this section presents the outcomes of
reverse inference. We use this technique to predict the input parameters that are
most likely to yield a economic and performance metrics aligning with the criteria
of an early FPP concept in [268]. In doing so the model constrains input parameters
and allows Tokamak Energy to optimise the design of the FPP concept, based on the
resulting input posterior distributions. The results are presented in distinct sections,
each focusing the impact of varying different output parameters (C, H, and E) on

input parameters (R, A, Zeg, and Br).
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Figure 4.8: Posterior distributions (red) of input parameters with fixed C' ($4.7-5.2
billion), F (66-140 MWe), and H (581-769 MWt) using reverse inference.

In line with DOE criteria Phase 1b in [268] the FPP concept must generate at least
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50 MWe at a competitive C' ($5-6 billion) to be considered relevant for commercial
fusion development in the U.S. market. For clarity, a power plant with this electrical
output at a cost of $5-6 billion would still be considered expensive compared to

other energy sources.

Therefore, evidence is placed on F and H to elevated ranges of 66-140 MWe and
581-769 MWt, respectively. For C, evidence is placed on the range $4.7-5.2 billion.
The result is provided in Figure 4.8. Here, the posterior distributions (red) of the

input parameters are shown with fixed £, H and C' (green).

For further depth, we can fix £ and H to the DOE criteria and observe the sensitivity
of the input posterior probability distributions to changes in C. The analysis is split
between each input parameter. Figures 4.9, 4.10, 4.11, 4.12 illustrate how the pos-
terior distributions of the input parameters shift, where each y-axis plane represents

a different C range for the parameter specified on the x-axis.
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R [m] Posterior Probability

Figure 4.9: Posterior distributions of R with changing C' and fixed H (581-769 MWt
and E (66-140 MWe)).

A Posterior Probapbility

Figure 4.10: Posterior distributions of A with changing C' and fixed H (581-769 MWt
and F (66-140 MWe)).
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Zer Posterior Proba bility

Figure 4.11: Posterior distributions of Z.¢ with changing C and fixed H (581-769 MWt
and E (66-140 MWe)).

Br [T] Posterior Proba bility

Figure 4.12: Posterior distributions of Br with changing C' and fixed H (581-769 MWt
and F (66-140 MWe)).
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R shows high sensitivity to changes in C'. Specifically, the posterior probability den-
sity is centred between 3.02-3.30 m for C' of $4.7-5.2 billion. As C' is increased,
the probability density for R shifts to increased ranges between 3.60-3.80 m for C'
of $5.5-5.8 billion. When increased to the highest range of C, $5.8-8.4 billion, the

posterior density for R lies between 3.86—4.00 m. Refer to Figure 4.9.

A ranges between 2.00-2.10 are most probable for lower C, $4.7-5.2 billion. As
C' is increased, the probability density shifts to higher ranges of A; 2.10-2.20 for C
$5.2-5.5 billion, 2.20-2.30 for C' of $5.5-5.8 billion, and 2.30-2.39 for C' $5.8-8.4

billion. Refer to Figure 4.10.

Z. posteriors show the highest probability density between 1.20-1.76 when increas-
ing C'. For costs ranging $5.8-8.4 billion, the probability density shows a minor shift

to increased ranges of Z.¢ between 1.38-1.76. Refer to Figure 4.11.

Br posteriors are highest within the range of 5.44-6.00 T as the C' increases. The
posterior density increases around 5.72-6.00 T with highest range of C. The shift is

less pronounced than in other parameters such as R. Refer to Figure 4.12.

The posterior distributions of R, A, Z.g, Bt show no sensitivity to the lowest range of
C, $3.4-4.7 billion. This is because the model is unable to predict the most probable
input parameters under extreme output conditions, noting the fixed elevated ranges
of F and H. This may be down to a lack of data in the evidence ranges for the output

parameters. See Figure 4.13.
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Figure 4.13: Showing a lack of data in the evidence ranges for C' and H output param-
eters. The model is unable to predict the most probable input parameters under such

con

ditions.

We can also use hybrid inference to further understand input-output relationships.

Hybrid inference is where evidence is placed on a combination of inputs and outputs.

Such a tool is used here to further understand the sensitivity of the parameters when

posteriors show no sensitivity during extreme output conditions. This is done by

unfixing C, retaining DOE criteria for H (581-769 MWt) and FE (66-140 MWe), and

incrementally increasing R through its bin ranges.

Hybrid inference shown in Figure 4.14, where the posterior prediction of C' falls

within the DOE criteria range of $4.7-5.2 billion for R between 3.02-3.16 m. Fur-

ther comprehensive results are presented in Figure 4.14 and in the appendix in Fig-
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ures: 4.14, 16, 17, 18, 19.

As R increases from between 3.02-3.16 m in Figure 4.14a to 3.86-4.00 m in Fig-
ure 4.14c the probability density of A shifts from between 2.00-2.20 to increased
ranges of between 2.20-2.39. For C the probability density shifts, from ranges be-
tween $4.7-5.2 billion, to increased ones between $5.8-8.4 billion. Note the bi-
modal distribution of C'. The probability densities for Z.¢ and Br remain centred

around 1.57-1.94 and 5.44-6.00 T, respectively, minor shifts as R is increased.
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Figure 4.14: Posterior distributions (red) for A, Z.g, Bt and C using hybrid inference
on the selected ranges (green) for H, F, and R.
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4.2 Discussion

To mitigate the risks posed by a poor quality deterministic model, in this case PyTOK,
it is essential to validate predictions against experimental data and more sophisti-
cated models. By comparing the results with those obtained from higher-fidelity
simulations or actual tokamak experiments, we can identify and address any dis-

crepancies, improving the model’s accuracy and reliability.

Furthermore, the integration of the BNM can help address some of the uncertainties
and limitations of PyTOK. By providing probabilistic distributions of key parameters
and outcomes, the BNM can offer a more nuanced understanding of the potential
risks and uncertainties associated with the deterministic model’s predictions. This
combined approach allows for a more robust and comprehensive analysis, enhancing

the overall reliability of the method.

Now, we split the remainder of the discussion between the input parameters.

R: While it may seem obvious that larger machines incur larger construction costs
and therefore lead to larger capital costs, there is significance in the ability of the
model to capture and quantitatively represent this relationship. It affirms that the
probabilistic framework accounts for the underlying dynamics and dependencies in
the overall system. Increasing R by roughly 1 m could potentially double the C' from
$4.7 billion to $8.4 billion. This suggests that the R is a key economic driver of costs
this ST FPP. The relationship between R and C' is not linear, as the model captures

the non-linear dynamics and dependencies in the system.
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A: Lower-cost machines favour lower A, indicating potential design adjustments
that can optimise cost-effectiveness with no compromise in performance. Increasing
the R of an ST typically requires an increase in the A to maintain stability and
confinement efficiency in the plasma [281]. However, it is essential to note that
the relationship between R and A depends on various factors, including the specific

design objectives, engineering constraints, and plasma physics considerations.

It should be noted that increasing the R while maintaining a specific A may involve
trade-offs in reactor performance, cost, and complexity. Balancing these factors will
be key to meeting budget constraints. Therefore, while the results show that a higher
A might be necessary for larger STs, this relationship is not absolute and may vary

depending on the specific design requirements and trade-offs.

Z.gs: The wide probability distributions of Z.¢ across different C' ranges suggests a
relative insensitivity to economic considerations. The primary focus for finding an
optimal region of Z. is the plasma power exhaust, however it should be noted that
PyTOK may not adequately account for the cost implications of this. In brief, a low
Zess results in low radiated power, high conducted power, and potentially high power
flux on the divertor. This suggests that the use of liquid lithium divertor surfaces may
be more favourable. Conversely, a higher Z.¢ increases radiated power and reduces
conducted power, allowing for solid divertors but also raising energy confinement
time, potentially surpassing current experimental data and invalidating the design

point.

There are other reasons for the insensitivity of Z.¢i to C. The behaviour of Z.g is gov-
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erned by intrinsic plasma characteristics and operating conditions, which remain rel-
atively constant across different C' scenarios. As a result, variations in C' do not sig-
nificantly influence Z.. The design and optimisation process may prioritise achiev-
ing target ranges for Z. to ensure optimal plasma performance. Consequently, ad-
justments in C' to meet economic criteria may not directly impact the underlying
plasma properties represented by Z.¢. Therefore, the insensitivity could reflect the
robustness of the system design in maintaining desired plasma characteristics under
varying economic conditions. This suggests that the relationship between Z.¢ and
C' may be influenced by factors beyond direct economics. The interplay of various
factors within the system, including plasma physics, engineering constraints, and
operational requirements, may lead to emergent behaviours where changes in Zg

have limited direct impact on C, or vice versa.

By: The shift in probability density to higher Br ranges with higher C' ranges high-
lights its significance in larger machines. STs require lower TF strength compared
to higher A tokamaks for equivalent confinement, highlighting a key advantage of
low A. However, the limited space in the central column necessitates the use of
HTS. HTS magnets are more operationally efficient due to their higher operating
temperatures (20 K versus 4 K for low-temperature superconductors (LTS)). Cooling
LTS demands approximately 200 W/W (at 4 K), whereas HTS requires around 40
W/W (at 20 K), assuming 40% Carnot efficiency. Although technology and supply
chains are advancing to support fusion energy requirements, further research and
development is needed, particularly for performance of HTS in neutron radiation

environments.
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Increasing Br may require optimising components that can accommodate the higher
magnetic field. For instance, the vacuum vessel, plasma-facing components, and
diagnostic systems may require reinforcement to withstand the increased magnetic
forces associated with higher Br. In addition, variations in By directly impact plasma
confinement and stability. Maintaining higher fields mean that challenges such as
plasma disruptions, instabilities, and heat loads on plasma-facing components need
to be addressed. There will also need to be optimisation of the magnet configura-
tions. This will involve systems for cooling the magnets, and ensuring they are with

other components.

The lack of sensitivity in the inputs to the lowest ranges of C' suggests that the BNM
may face limitations in making predictions under extreme output conditions. The
observation could be attributed to several factors. Firstly, the elevated ranges of £
and H that match DOE criteria may narrow the range of feasible solutions for the
inputs, thereby limiting their variability. In other words, when the desired output pa-
rameters are set at relatively high ranges, the model may prioritise fulfilling these re-
quirements, restricting the flexibility of the inputs. It is also possible that the model’s
training data may not adequately capture the input-output interdependencies under
these conditions. Further refinement of the model, possibly through incorporating

additional data may help reduce this happening in future investigations.
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4.3 Conclusions

Adding more output nodes to the BNM does not impact its ability to make predic-
tions. Computation time is impacted, and there is a balance to be struck between
the bin resolution and the number of output nodes. More nodes and higher res-
olutions increase computation time, but do not reduce prediction accuracy. If the
relationships between variables are highly non-linear, bi-modal output distributions
can occur. When data is bi-modally distributed for a given output, the model can
struggle to make predictions. Hybrid inference can help with this, as can increasing

the bin resolution of the affected parameter.

Through the framework, bi-directional inference captures relationships between pa-
rameters. As the size of the machine goes up, so do the size of the magnets, which
increases the cost, especially in high heat and electricity output regions. That said,
less energy is required to power HTS magnets, so the recirculating power is lower.
There is therefore potential for the cost of the magnet material to be offset by the
lower cost of the electricity generated. Tokamak Energy can make decisions based
on the trade-offs between these factors. They can use the framework across their
entire design space, be it criteria for DOE early stage FFP concept, or a configuration
for a divertor or breeder blanket. The ambiguity of the model makes it a valuable
tool for any fusion developer. This is because the model can be used at different

stages of power plant design to expedite decision-making and design processes.

Overall, by using Bayesian methods alongside existing approaches, developers can
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better navigate uncertainties and contribute to the development of practical fusion

solutions.

It is important to note that these results are based on the current state of knowledge
and technology. As such, it would be beneficial to continually update the BNM as
new data becomes available. This could include results from experiments, advance-
ments in plasma physics, or changes in manufacturing costs. The implementation
of the BNM framework, as presented in this thesis, is not limited to the studies pre-
sented. It is essential to recognise that these insights heavily rely on the deterministic
models underpinning the analytical framework for which the BNM serves as a sur-
rogate, namely PROCESS and PyTOK. It is worth acknowledging that PROCESS and
PyTOK may not be entirely reliable due to numerous uncertainties surrounding fu-
sion technology and thus the subsystems that PROCESS replicates. Therefore, future
efforts should include fresh expert knowledge into a given BNM as fusion technology
development progresses. For instance, new nodes could be added to the BNM that
pertain to a different parameter, such as plasma-3. This would allow the model to

adapt to new information and provide more accurate predictions.

4.4 Chapter summary

This chapter presents the use of a probabilistic framework in a real-world scenario to
address uncertainty in an early-stage FFP. The results demonstrate the use of reverse
inference in an industry case study, focusing on the sensitivity of input parameters

to changes in output conditions. By using Bayesian inference alongside existing
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methods, the framework offers a comprehensive approach to systems analysis and

the development of practical solutions to uncertain problems.

The work further demonstrates the BNM as a proof-of-concept and identifies the
feasible input regions for a given set of output criteria, which can inform Tokamak
Energy’s contribution to the DOE Fusion Development Program. By visualising the
trade-offs between reactor geometry, performance, and cost, Tokamak Energy have
the power to explore design alternatives under uncertainty and still attract private

investment.
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Summary and recommendations

The final chapter outlines and discusses the key contributions of this thesis and
explicitly addresses the research questions. Section 5.1 outlines research findings
against the initial research questions. We believe that the initially proposed ques-
tions have not been fully answered, and therefore suggest revsions for these. Sec-
tion 5.2 details the specific contributions of this thesis to the existing research theory
as well as practice. Section 5.3 details the limitations of this research, which leads

to recommendations for future work in Section 5.4.

5.1 Research findings

This section presents the research findings with reference to specific revised research
questions and objectives.
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5.1.1 RQ1: How can we use probabilistic methods such as Bayesian
network meta-models to help reason over epistemic uncer-
tainty in early design phases of fusion pilot plants to help

with decision-making?

Bayesian network meta-models can indeed be used effectively to capture, quantify,
and navigate the uncertainties inherent in fusion pilot plant design. Uncertainty
in fusion techno-economics stems largely from the limited availability of empiri-
cal data to support theoretical models. This research demonstrates that BNMs of-
fer a powerful approach to reasoning under uncertainty, enabling more informed
decision-making. By allowing bi-directional inference, these models enable devel-
opers to identify feasible parameter ranges and their associated uncertainties, ulti-

mately guiding more informed and robust techno-economic decisions.

In Chapter 3, we developed and tested a BNM, resulting in a novel framework for
applying these models to uncertain design spaces, such as fusion. Key findings in-
clude: BNMs can be rigorously validated using tailored error measurement tech-
niques. Hyperparameter selection influences both accuracy and computational effi-
ciency. Dataset size has a greater impact on model performance than bin resolution
or configuration. Importantly, BNMs accurately predict parameter ranges in both
forward and reverse analyses, demonstrating their capability to model complex in-
terdependencies. These results directly support Research Objective 1: Develop a

Bayesian network meta-model approach to uncertainty in techno-economic assess-
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ments of fusion power.

5.1.2 RQ2: Where are the potential impacts of implementing Bayesian
network meta-models on the decision-making process for fu-

sion energy projects?

Implementing BNMs significantly impacts decision-making by revealing how vari-
ations in design parameters affect costs and performance. They provide a struc-
tured approach to addressing uncertainty in fusion pilot plant design by enabling
bi-directional inference. This capability allows developers to explore feasible pa-
rameter ranges, directly impacting the decision-making process for fusion energy
projects. Specifically, BNMs facilitate informed design choices related to capital cost
by identifying key parameter sensitivities and trade-offs. They highlight key sensitivi-
ties (e.g., aspect ratio, magnet field strength, impurity levels) and provide actionable
insights that help developers prioritize design choices, manage investment risk, and

systematically explore trade-offs in fusion power plant concepts.

The impact of BNMs on decision-making can be examined through two case studies:
the PROCESS proof-of-concept and the industry pilot plant study. In the PROCESS
proof-of-concept, BNMs highlight how physics and reactor geometry choices influ-
ence cost reduction when optimised over engineering efficiencies. Forward inference
reveals a broad range of capital cost values, reflecting inherent uncertainty, while

reverse inference proves particularly valuable by uncovering key parameter relation-
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ships. For example, linear correlations between /5 and A, as well as capital cost,
provide actionable design insights. Similarly, dependencies between nyg; and AT;,
demonstrate how operating conditions influence overall expenses, with higher ATj,
and increased nyp; efficiencies linked to lower capital costs. Conversely, non-linear
relationships involving parameters such as Fy, Psp/ R, fcp, and BP*** emphasize the
complexity of cost estimation, underscoring the need for careful consideration of

these variables in decision-making.

The industry case study applies the BNM framework to a real-world pilot plant de-
sign for Tokamak Energy. It incorporates fixed performance targets aligned with US
Department of Energy (DOE) criteria, such as achieving a net electric output above
50 MWe while maintaining an attractive capital cost. Reverse inference suggests that
smaller reactors with low aspect ratios (A), minimal plasma impurities (Z.), and
strong HTS magnets (Br) are more likely to meet DOE targets. Moreover, it reveals
that while A and R exert significant influence over capital cost, Z.¢ and Br have a
lesser impact. These findings reinforce the role of BNMs in guiding investment and

design strategies tailored to specific economic and performance constraints.

Overall, both case studies demonstrate how BNMs enhance techno-economic decision-
making by providing probabilistic insights into reactor geometries and subsystem
performance. The versatility of BNMs allows them to accommodate complex datasets,
even in the presence of uncertainty, making them a valuable tool for optimizing
fusion power plant designs. Rather than replacing existing methodologies, BNMs

should complement traditional approaches, offering a probabilistic framework to re-

260



5.2. CONTRIBUTIONS TO RESEARCH Chapter 5

fine and constrain design choices. For instance, companies like Tokamak Energy
can leverage BNM-derived insights to focus on machine configurations that align
with DOE criteria, streamlining development efforts toward cost-effective fusion so-

lutions.

5.2 Contributions to research

This section details the key contributions of this thesis to theory and the literature in

Section 5.2.1 and the to practice in Section 5.2.2.

5.2.1 Theoretical contributions

The research as presented in this thesis is interdisciplinary. Research methods and
concepts from the fields of socio- and techno-economics, uncertainty quantification,
and probabilistic meta-modelling are applied to fusion research, which is heavily
focused on physics and engineering. The combination of cross-cutting ideas and
analysis presented therefore presents a novel contribution in of itself. The specific

new contributions from a socio-economic perspective are detailed below:

* Gaps in the commercial pathway research of fusion are summarised in a novel
review of the following questions for fusion in a socio-economic perspective:
what form does it take? Where does it fit into a future energy system? Cost
—compared to other technologies, how much will fusion cost? Timescales —

when is it likely that fusion reaches commercialisation?
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* Findings serve as a novel socio-economic guide which not only laid the foun-
dation for further research in this thesis, but for the fusion community, policy
makers, and regulators to redirect and orient fusion for commercialisation. See

Griffiths et al. [31].

* Links are made between uncertain areas of ST research to specific parameters

that are carried forward into the techno-economic analysis.

There are new insights to the techno-economics of spherical tokamak power plants,
specifically focusing on parameters that influence costs. The theoretical contribu-

tions in this part of the research include:

* An advancement in the field of techno-economics within spherical tokamaks in

fusion for electricity.

* The development of a novel spherical tokamak concept design, adapted from

the Menard-2016 baseline [194], tailored for techno-economic analysis.

* An introduction of uncertainty quantification techniques in techno-economic

analysis of fusion power plants using Sobol and Morris sensitivity methods.

* The application of scenario-based analysis to extract optimistic, moderate, and

conservative scenarios for capital cost drivers in the spherical tokamak concept.

* New estimations of Levelised Cost of Electricity (LCOE) in spherical tokamaks.

* The exploration of the impact of capacity and learning factors on the cost-

competitiveness of fusion electricity markets.
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* Specific identification of the most influential physics and engineering parame-

ters in the techno-economics of spherical tokamaks.

* A direct comparison between cost drivers in DEMO-type tokamaks and STs.

Regarding meta-modelling, Chapters 3 and 4 demonstrate a new way to address un-
certainty the techno-economics of fusion power plants whilst finding feasible design
points. While surrogate modelling in fusion is not new, the use of BNMs to address
uncertainty in typical techno-economic predictions represents novelty. Specific ex-

amples include:

* A Bayesian network meta-model approach to uncertainty in the field fusion
techno-economics, enabling a probabilistic quantification of the uncertainty

between uncertain input and output parameters for fusion systems.

* Employing bi-directional inference to expedite decision-making towards prac-

tical solutions to uncertain problems.

* The identification of feasible ranges, rather than singular continuous values,
for economic and performance output parameters, along with predicting the

most probable input parameters leading to these ranges.

* Contributions to hyperparameter tuning within Bayesian network meta-model

development, exploring its potential impact on accuracy and computation time.

* The first use of a Bayesian meta-model in emulating the UKAEA systems code

PROCESS.
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* The first use of a Bayesian meta-model in emulating a real-world fusion power

plant concept from Tokamak Energy systems code, PyTOK.

* The development and testing of validation methods for implementing the Bayesian

meta-model to make predictions within a fusion techno-economic design space.

* The first use of a Bayesian meta-model to predict feasible design points, based

on specific criteria set by the US Department of Energy.

5.2.2 Practical contributions

The practical contributions of this thesis are detailed below:

* In addressing uncertainty within deterministic models, a meta-modelling method-
ological framework rooted in Bayesian networks is developed. While inspired
by Xuereb Conti’s work [193, 195], its adaptation for fusion engineering design

spaces represents a unique contribution to the field of fusion energy.

* The application of the methodological framework has equipped Tokamak En-
ergy with a novel tool for making informed techno-economic decisions regard-

ing fusion power plant deployment in specific scenarios.

* Unique economic drivers for fusion have been discerned, particularly regard-
ing how reactor geometries and plasma physics parameters can impact perfor-

mance and reduce capital expenses for spherical tokamaks.
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* The tools and processes developed, along with the insights gained, such as
the framework for implementing meta-models to facilitate uncertainty quan-
tification, can be replicated or customised to support other fusion startups or

companies operating in similar industrial contexts.

* The methodological framework has been designed and tested to integrate with
other roadmapping efforts within the fusion community. For instance, as new
data emerges, the BNM can be updated and reconfigured to make predictions

within a techno-economic design space.

* The insights provided on techno-economic parameters can guide the develop-
ment of fusion design spaces, informing the establishment of frameworks for

subsystem development, such as breeder blankets within spherical tokamaks.

* This framework holds promise for driving efficient decision-making, offering

developers a proof-of-concept tool to optimise reactor and subsystem designs.

* The BNM code, available on the author’s GitHub, has the potential to itself
be commercialised and assist developers in enhancing reactor and subsystem

designs.

5.2.3 Software package

The BNM and its universal framework has the potential to be softwared through the
author’s GitHub [282]. It can accommodate any dataset, agnostic of the uncertain

problem. Leveraging a Python package for Bayesian networks [283], and drawing
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inspiration from Xuereb Conti [193], the developed code represents a novel contri-

bution, albeit with acknowledged influence.

5.3 Limitations

Key limitations to the overall research are detailed.

5.3.1 Socio- & techno-economics

While the interdisciplinary approach taken in this thesis can enrich its contribution,
it could also limit it. The latter chapters delve deeply into BNMs, providing compre-
hensive analysis. However, the preceding chapters, particularly Chapters 1 and 2,
which form the foundation for Chapters 3 and 4, traverse socio-technical economics,
offering breadth. Although such breadth links diverse research areas, it compro-
mises depth. For instance, an alternate approach could have explored additional
non-electric commercial pathways for fusion. This would enhance the analysis of
techno-economic implications across sectors other sectors, such as hydrogen, desali-

nation, district heating, and industrial processes.

Moreover, beyond technological and economic facets, the thesis could have investi-
gated socio-economic and policy implications of fusion in these pathways, including
job creation, community impacts, social acceptance, and policy considerations dis-

cussed in Chapter 1.
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The techno-economic modelling in Chapter 2 employs theoretical data, limiting di-
rect applicability to real-world scenarios —an inherent challenge in fusion research
due to the absence of a functional prototype for data collection. Consequently, find-
ings should guide future research and development in spherical tokamaks rather
than serve as definitive conclusions. For example, in Chapter 2, devising the spher-
ical tokamak scenario in the UKAEA's PROCESS code relies on expert opinion and
existing literature, lacking real-world ST data. This limitation underscores the need

for further research to validate the findings in a real-world context.

Whilst the research in this thesis has been specifically applied to those of spherical
tokamaks, which are relevant in the context of the UKAEA and Tokamak Energy (and
indeed other public and private sector developers outside the UK), the findings are
thus biased towards reactor designs of this type and therefore to Tokamak Energy.
The research did not extend to other fusion technologies, such as inertial confine-
ment fusion, stellarators, or other tokamak designs. That said, the methodological
framework developed in this thesis is generalised and can be applied to other fusion

technologies.

5.3.2 Meta-modelling & Bayesian networks

Despite the advantages of meta-modelling using Bayesian networks, the method-
ological framework developed in this research is not without limitations. Bayesian
networks as meta-models are the only type of meta-model considered and developed

in this research. We argue for their scope through their ability to reason over uncer-
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tain information, and because they can be used to perform reverse inference. That
does not mean however that other meta-models, such as Gaussian processes, or neu-
ral networks, could not be used to develop a meta-model for fusion techno-economic
analysis. Indeed, there are also meta-models that are probabilistic in nature that

could have been explored here, such as Bayesian neural networks.

There is a lack of open source code and well established tools available to develop
BNMs. We used the package provided by [283] which is able to handle and populate
the conditional probability tables for configuration of the BN. Collaboration with the
research and ideas of Xuereb Conti in [195] provides a structure for implementing
a BNM, however the majority of the of programming was done from scratch. This
was time consuming and required a steep learning curve. If the research were to
be conducted again, it would be beneficial to explore other meta-models with more
established software packages for implementation. In terms of the package used,
the Python package is not well documented, and as such, bugs in the code require
constant upkeep. Potentially therefore, the BNM is may not be being used to its full
potential, especially in the context of applying ‘soft’ evidence during inference. This
means placing evidence on multiple bins in the design space, rather than just one.
What’s more, the BNM relies on the external package to be maintained and updated
when bugs occur, and if the package is not maintained, the BNM may not be able to

be used in the future.

Moving forward, the next phase of implementation will involve upgrading the hy-

perparameters of the model to incorporate soft evidence. This may show yet unseen
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relationships between parameters. For example, in Chapter 3.6.2, we could use soft
evidence where we see the minor peaks in the mid-distributions of f&i* and Bf* in

the moderate capital cost scenario.

The development and implementation of BNMs stand to benefit significantly from
advancements in artificial intelligence (AI) and machine learning. Al-driven ap-
proaches can automate the generation and refinement of Bayesian network struc-
tures, reducing the manual effort required in defining dependencies and tuning hy-
perparameters. In particular, reinforcement learning and deep learning techniques
could be leveraged to optimise probability tables dynamically, allowing for real-time
adaptation as new empirical data becomes available. Moreover, Al can enhance
inference mechanisms by intelligently assigning soft evidence, improving the inter-

pretability and predictive power of BNMs.

A key future research direction is the integration of BNMs with Al-driven surro-
gate modeling, enabling rapid exploration of large design spaces with uncertainty
quantification. This approach could be particularly useful in high-dimensional en-
gineering problems, where traditional deterministic models struggle to capture the
interplay of uncertain parameters. Additionally, extending BNMs with Al-assisted
causal discovery methods could provide deeper insights into complex systems, re-

vealing emergent behaviours that may not be evident in conventional analyses.

Given the challenges highlighted in maintaining external software dependencies, an
open-source, Al-enhanced framework for BNMs could be a valuable contribution

to the research community. Future efforts should explore the standardisation of
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BNM implementations, improved documentation, and modular Al-assisted tools that

facilitate widespread adoption and scalability of this approach.

The implementation of the BNM framework, as presented in Chapters 3 and 4, is
not limited to the cases presented. It is important to recognise that these insights
heavily rely on the deterministic models underpinning the analytical framework for
which the BNM serves as a surrogate, namely PROCESS and PyTOK. It is also worth
acknowledging that PROCESS and PyTOK themselves may not be entirely reliable
sources for data due to the fundamental algorithms and computations that govern
the codes in emulating fusion technology. Therefore, future efforts should explore
the incorporation of fresh expert knowledge into the BNM as fusion technology de-
velopment progresses. This approach can potentially be extended to datasets from
other parts of uncertain fusion research such as materials for fusion, or in compo-

nents such as breeder blankets or divertors.

The methodological framework conceived is based on the specific context of BN
meta-modelling. Thus, findings may not be directly applicable to other meta-modelling
techniques. It is likely that the framework could be adapted to other techniques,
however this is not explored in this research. BNMs, are by nature agnostic to the
problem at hand, however despite being validated in the initial and later stages of

development, results have not been validated against other meta-models.
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Data requirements

The challenges here primarily revolve around: the discretisation of input and out-
put probability distributions, input-output data requirements, computation time for
validation and configuration, and field response outputs. These are consistent with
the challenges faced by Xuereb Conti in [193]. While the BNM is designed to be
versatile across various problem domains, its seamless operation with any dataset is

not guaranteed.

Simulated data has trained the BNMs in this thesis with uniformly sampled inputs,
whereas real-world data may follow non-uniform distributions, affecting model per-
formance. Future work could refine the BNM by incorporating techniques like kernel
density estimation or physics-informed machine learning to better handle diverse

data distributions.

In terms of computation time, the BNM’s performance is contingent on the size of
the dataset, the complexity of the problem domain and the discretisation of the
data, see the methodology of Sections 3.6.1 and 4.1.1 from Chapter 4. The BNM’s
computational efficiency could be improved by using parallel computing techniques

or cloud-based resources.

Furthermore, Bayesian networks typically demand a substantial amount of data to
construct the conditional probability tables that capture causal relationships. The
number of data points required for model building correlates with the complexity

of the system and the number of input parameters. However, when computation
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times are lengthy, generating sufficient data for robust model development becomes
a formidable task. For instance, in the case of the systems code PROCESS, running
numerous simulations for sensitivity studies consumed hours, if not days. It remains
uncertain how the BNM would perform when trained on smaller datasets based on
real-world data. Further investigation into its adaptability and effectiveness under

varying data conditions is needed.

These challenges explain the ongoing need for refinement and enhancement of
Bayesian network methodologies. Addressing these concerns not only strengthens
the BNM approach, but also enhances its potential to inform decision-making and

analysis towards practical solutions in fusion research.

5.4 Recommendations

Here, we focus on future research opportunities, particularly in meta-modelling and
techno-economics, which serve as avenues for mitigating the identified limitations
in Section 5.3. The second section focuses on the potential for the research to be
applied in practice, particularly in the context of fusion energy, and the potential for

the framework to be rolled out as a commercial product.
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5.4.1 Future work

Meta-modelling

Meta-modelling, especially through machine learning techniques like Bayesian net-
work meta-models, holds significant promise in identifying crucial parameters and

optimising designs to streamline development efforts.

Methods of cooling and heat recovery will be a key area of future research. Breeder
blankets are a critical component in this regard. As well as breeding tritium and
providing shielding, they are responsible for heat recovery. One significant challenge
for fusion lies in challenges of designing of BBs. Existing blanket designs, primarily
tailored to large tokamak reactors, may not be suitable for newer, more compact
fusion devices. In addition, the concepts may also not meet criteria for breeding

ratios and tritium recovery.

For instance, a fusion developer may want to test designs with limited budgets and
time constraints. Each design may possess parameters, such as tritium breeding
ratios, effects of magneto-hydro-dynamics, and tritium solubility for extraction, all
with differing degrees of uncertainty. By using this approach, developers are able
to take results and allocate budgets to areas of high uncertainty more effectively
than before. The Self-Cooled Yuryo Lithium-Lead Advanced (SCYLLA©) concept is
constructed from SiCf/SiC (silicon carbide). Liquid lithium-lead fulfils three func-
tions within the concept: breeder, multiplier and coolant. Referring to the published

works [136], there are various areas of uncertainty which are appropriate for imple-
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mentation of the BNM:

* The tritium breeding ratio (TBR) has been estimated through an MCMP neu-
tronics model. The TBR has been measured against varying levels of Li-6 en-
richment, with and without a neutron reflector, and a combination of a reflec-

tor and a neutron multiplier.

* Regarding liquid LiPb, the effects of magneto-hydro-dynamics (MHD) on the
flowing LiPb and the resulting potential impact on heat transfer, particularly
surrounding the cooling of the first wall, must be investigated further as a key
challenge, through both experimental research and simultaneously through

theoretical modelling and simulation.

* The solubility of tritium is an important aspect for both the structural and the
breeder material. The measured solubility has uncertainties on its temperature
dependence, and further studies would decrease uncertainties on quantitative

details for a specific reactor design.

We envisage building a BNM to emulate the input-output relationships in each of
topic these areas. By means of an example, see Figure 5.1 which has been adapted
from [195] specifically for breeder blankets in fusion technology. By applying reverse
inference, it will be possible to visualise the updated beliefs on the inputs and gain
a probabilistic understanding of the uncertainty in the estimates. Where a wide
distribution exists, developers can divert resources such as budgets and materials as

necessary. Here, multiple concepts for breeder blanket technology can be optimised
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Figure 5.1: A Bayesian network meta-model for breeder blanket concepts.

using the BNM framework to allocate resources and aid in decision-making. This
allows for optimisation alongside other current methods offering practical solutions

to uncertain problems.
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A Introduction

Year

Fusion [Ref]

Wind

Solar

Onshore/Offshore [Ref] CSP/PV [Ref]

Large Hydro [Ref]

1993
2001
2001
2002
2002
2003
2005
2006
2017
2018

40-50 [170]
70-130 [168]
65-100 [178]
80-100 [36]
70-130 [175]
90-165 [39]
50-100 [167]
64-140 [285]
60 [44]
75-160 [171]

190/- [284]
130/130[284]
130/130[284]
120/130 [284]
120/130 [284]
110/110 [284]
105/110 [284]
110/115 [284]
60/130 [284]
45/120 [284]

40/8.8 [284]
15/7.0 [284]

4.9 [284]
3.8 [284]

Table 1: Estimated fusion LCOE values with actual values from wind and solar projects
in the same year.

Sector

Temperature [°C] Heat Demand [TWh] Suitable for NPH

Basic Metals
Chemicals

Coke & refined petroleum

Cement

Food & beverage
Non-metallic minerals
Pulp & paper

Wider industry

>1600
300-1000
300-750
900-1500
300-500
>1000
300-500
n/a

14
26
45

26
23
14
67

LAX A X QA X

Table 2: A breakdown of the different temperature and heat demands for industrial
processes, and the suitability for supply by NPH systems. Adapted from [123].

Technology Fusion Offshore Wind Onshore Wind Solar Fission
COsEmissions

(gCO,/kWh) 9-22.2 15.6 9 15.8-38.1 15-50
Study [286, 287, 288] [289] [289] [290] [289]

Table 3: A comparison of carbon emissions for competing technologies.
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B Bayesian network meta-modelling

B.1 Preliminary BNM

Prediction Accuracy (%)
NDE measurement dq do
Dataset size 500 1000 | 5000 | 10,000 | 500 1000 | 5000 | 10,000
5 | 88.86 | 89.41 | 89.08 | 90.57 | 89.77 | 89.99 | 91.37 | 92.05
Bin Resolutuion | 7 | 89.50 | 90.10 | 90.52 | 89.81 | 90.16 | 90.25 | 92.00 | 92.32
10 | 81.19 | 83.09 | 82.05 | 90.18 | 83.33 | 82.96 | 82.25 | 91.64

Table 4: The average accuracy of predictions for d; and ds errors while investigating
variations in both (i) the size of the dataset and (ii) the resolution of bins.

Prediction Accuracy (%)
Bin Inputs

Resolution 3 | 4 | 5 | 6 | 7 | 8 | 9 | 10

90.03 90.62 90.46 89.95 90.34 90.07 90.15 90.26
90.05 89.80 89.92 89.98 89.95 89.43 89.82 90.52
89.96 90.35 90.57 90.29 90.09 90.05 90.53 90.02
90.27 90.24 90.12 89.79 90.12 90.22 89.84 90.18
89.69 90.23 90.13 90.26 89.81 89.88 90.35 90.17
89.89 90.14 90.06 90.24 90.51 91.20 90.29 89.24
90.08 90.19 89.91 90.34 90.15 89.76 90.12 89.92
90.18 89.88 90.08 89.68 90.27 90.40 89.94 90.18

Output

Table 5: Average k-fold cross-validation prediction accuracy for d; errors in preliminary
BNM, considering variations in bin configuration-resolution. Dataset size: 10,000.
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Prediction Accuracy (%)

Bin

Output

Resolution

3

|

4

)

Inputs

6

7

8

9

10

91.86
92.19
91.9
91.97
92.03
91.48
91.39
92.12

92.08
90.27
92.45
91.99
92.38
91.45
91.54
92.08

91.94
92.49
92.87
91.55
92.38
92.13
92.0
92.1

92.21
91.04
91.83
92.28
92.17
92.06
91.56
92.52

92.23
92.41
92.04
91.87
92.32
91.36
92.61
92.07

92.3
92.22
91.83
91.67

91.4
92.05
92.17
91.82

91.64
91.27
92.77
92.18
92.2
91.86
92.18
91.86

92.22
91.6
91.97
91.19
92.07
91.31
91.35
91.64

Table 6: Average k-fold cross-validation prediction accuracy for ds errors in the prelim-
inary BNM, considering variations in bin configuration-resolution. Dataset size: 10,000.
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Figure 2: Histograms representing the d; errors in the preliminary BNM across 10 folds,
utilising a uniform input distribution and an input-output bin configuration of 8:8.
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Normalised distance error distributions 92.87%

Fold 1, Prediction Accuracy: 91.65% Fold 2, Prediction Accuracy: 94.97%
50 +
60
40
> )
2 30 - c 40 4
L Y]
= 3
2 20 g
i T 5 |
o 1h.| J
04 . I - - : oML j . ‘ .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Normalised distance error Normalised distance error
Fold 3, Prediction Accuracy: 92.40% Fold 4, Prediction Accuracy: 92.81%
50 4
50 +
> 40 - > 40
c [=4
g 30 g 301
g g
& 20 & 20
“ L
0 | — o
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Normalised distance error Normalised distance error
Fold 5, Prediction Accuracy: 91.50% Fold 6, Prediction Accuracy: 91.33%
40 50 1
40
5307 &
g £ 30 -
g g
e E 20 1
10 A 10
0 IIJ..-‘ ] ; ; O—LJ. | lll . :
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Normalised distance error Normalised distance error
Fold 7, Prediction Accuracy: 91.82% Fold 8, Prediction Accuracy: 94.69%
60
40
> )
Y30 A 2 40
@ @
& =
20 1
g g 20 .
10 A | I I
0 t - - T 0 ﬂ Jd = »
0 0.2 0.4

& g T T T
0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10

0.
Normalised distance error Normalised distance error
Fold 9, Prediction Accuracy: 93.72% Fold 10, Prediction Accuracy: 93.79%
50 4
50 +
40 A
> 40 1 >
g g
g 30 g
i g
£ 20 £ 207
10 I I 10 1
oAMng 1 o ! ! 0 —L-l.  EV ; !
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Normalised distance error Normalised distance error

Figure 3: Histograms representing the ds errors in the preliminary BNM across 10 folds,
utilising a uniform input distribution and an input-output bin configuration of 5:5.
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B.2 Proof-of-concept: PROCESS systems code

Prediction Accuracy (%)

d1 d2

Dataset size 1400 | 5120 | 10240 | 1400 | 5120 | 10240

5:5 87.65 90.45 9292 89.56 92.76 94.94
Bin resolution | 7:7 88.65 91.57 93.00 88.98 93.79 95.06
10:10 | 89.37 91.20 92.94 88.25 92.75 95.09

Table 7: Average accuracy of predictions in the PROCESS BNM for d; and d, errors
considering variations in the size of the dataset and the bin resolution.

Prediction Accuracy (%)
Bin Inputs
Resolution | 3 4 5 6 7 8 9 10
92.99 93.46 92.86 92.97 93.31 9299 93.02 93.06
93.11 929 93.27 93.15 93.08 92.97 93.02 93.27
93.2 93.0 92.92 93.11 93.14 93.28 93.16 93.0
93.08 92.99 92.81 93.16 93.27 93.04 93.17 92.94
93.07 93.13 92,92 9298 93.0 93.08 93.09 93.06
93.17 92.99 92.89 93.14 9293 9296 9292 93.13
92.94 93.11 93.02 93.18 93.04 93.33 92.98 92.93
0]93.12 93.11 93.46 92,99 93.25 9298 92,93 92.94

Output

H O OO U bW

Table 8: Average k-fold cross-validation prediction accuracy of the PROCESS BNM for
dy errors, considering variations in bin configuration-resolution. Dataset size: 10,420.

Prediction Accuracy (%)
Bin Inputs
Resolution | 3 4 5 6 7 8 9 10
9496 95.2 95.08 95.02 94.93 95.15 94.77 95.06
95.09 95.11 9493 95.24 95.05 95.0 95.01 94.68
95.06 94.88 94.94 95.05 94.77 94.92 94.82 94.84
95.0 95.0 95.24 9496 94.68 94.96 94.77 95.01
94.85 95.01 94.86 95.06 95.06 94.98 95.09 94.87
94.95 9495 952 95.09 94.85 95.03 95.13 95.03
94,95 95.31 95.03 94.78 95.25 9496 95.01 95.03
09499 948 9492 9496 95.11 94.96 94.99 95.09

Output

H O 000U~ W

Table 9: Average k-fold cross-validation prediction accuracy of the PROCESS BNM for
do errors, considering variations in bin configuration-resolution. Dataset size: 10,420.
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Number of nodes

Inputs | Outputs

1

O OO B~ WDN
T S g S (S Y

Time (s)
Train | Validate
1.32 19
2.11 38
2.57 63
3.32 98
3.97 140
4.80 188
5.49 246
5.84 311

Table 10: Computation time (for training and validation) versus the number of input

nodes. Bin resolution-configuration: 5:5.
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Average NDE: 93.46 (%)
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Figure 5: k-fold histograms of the d; errors across 10 folds, utilising an input-output bin
configuration of 4:3.
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Figure 6: k-fold histograms of the d; errors across 10 folds, utilising an input-output bin
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C Industry case study

Number of nodes Computation time (s) Bin resolution Prediction
Inputs | Outputs | Train | Validate | Inference accuracy (%)
4 1 0.58 39 0.36 4:4 90.52
4 2 7.74 362 1.14 4:4 87.09
4 3 25.7 5160 2.58 4:4 86.72

Table 11: Computation time (for training, validation and inference) and prediction
accuracy versus the number of output nodes for the BNM.

Number of nodes Computation time (5s) Bin resolution Prediction
Inputs | Outputs | Train | Validate | Inference accuracy (%)
4 3 14.3 694 1.73 3:3 86.34
4 3 25.7 5160 2.58 4:4 86.72
4 3 10.5 10822 1.53 5:5 86.3

4 3 69.0 5.45 6:6
4 3 46.0 16.9 7:7
4 3 75.0 46.0 8:8
4 3 158 113.0 9:9
4 3 274 264.0 10:10

Table 12: Computation time (for training, validation and inference) versus bin resolu-
tion and prediction accuracy for the BNM.
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Normalised distance error distributions 87.26%

Fold 1, Prediction Accuracy: 86.83%
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Figure 7: k-fold histograms of the d; errors for the PyTOK BNM across 10 folds, utilising

an input-output bin configuration of 5:5.

Normalised distance error

333



R [m] A Zert BriTl

1.0 10 10 1.0
0.8 0.8 0.8 4 0.8
z
= 061 0.6 4 0.6 4 0.6 4
o
2
S 0.4+ 0.4 4 0.4 4 0.4 4
[
o
0.2 4 0.2 4 0.2 4 0.2
0.0 - 0.0 - 0.0 - 0.0 -
3.02 3.16 3.30 3.44 3.58 3.72 3.86 4.00 1.80 1.90 2.00 2.10 2.20 2.30 2.39 2.49 1.20 1.38 1.57 1.76 1.94 2.13 2.31 2.50 4.05 4.33 4.61 4.89 5.17 5.44 5.72 6.00
C [million USD] H [MWt] E [MWel
1.0 1.0 1.0
0.8 0.8 4 0.8 4
= 06 0.6 4 0.6 4
o
2
0.4 4 0.4 4 0.4 4
[
- 33
0.2 0.2 4 0.2 4

0.0 - . 0.0 -
3427 4710 5214 5528 5855 8448 89 243 323 505 581 769 -536.00-94.00 -12.00 22.00 66.00 140.00
Ranges Ranges Ranges

Figure 8: Posterior distributions (red) of R, A, Z.g, Br for reverse inference on the
selected ranges (green) for H, F, and C.
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Figure 9: Posterior distributions (red) of R, A, Z.¢, Br for reverse inference on the
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Figure 10: Posterior distributions (red) of R, A, Z.g, Br for reverse inference on the
selected ranges (green) for H, F, and C.
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Figure 11: Posterior distributions (red) of R, A, Z.g, Br for reverse inference on the
selected ranges (green) for H, F, and C.
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Figure 12: Posterior distributions (red) of R, A, Z.g, Br for reverse inference on the
selected ranges (green) for H, F, and C.
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Figure 13: Posterior distributions (red) of R, A, Z.g, Br for reverse inference on the
selected ranges (green) for H, F, and C.
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Figure 14: Posterior distributions (red) of R, A, Zg, Br for reverse inference on the
selected ranges (green) for H, F, and C.
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Figure 15: Posterior distributions (red) of R, A, Z.g, Br for reverse inference on the
selected ranges (green) for H, F, and C.

337



Probability

Probability

R [m] A Zeir Br [T]
1.0 1.0 1.0
. 0.8 1 0.8 1 0.8
1 0.6 1 0.6 1 0.6
q 0.4 4 0.4 0.4
4 0.24 0.2 4 0.2
4 0.0 - 0.0 - 0.0
3.023.16 3.303.443.58 3.723.86 4.00 1.80 1.902.002.102.202.302.392.49 1.201.381.571.76 1.942.132.312.50 4.054.334.614.895.175.445.726.00
C [million USD] o H [MWt] 1o E [MWel
4 0.8 4 0.8 4
H 0.6 0.6
1 0.4 4 0.4
g 0.2 1 0.2 4
0.0 - 0.0 - 0.0 -
3427 4710 5214 5528 5855 8448 89 243 323 505 581 769 536 -94 -1z 22 66 140
Ranges Ranges Ranges

Figure 16: Posterior distributions (red) for A, Z.g, Bt and C using hybrid inference on
the selected ranges (green) for H, E, and R.
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Figure 17: Posterior distributions (red) for A, Z.¢, Br and C using hybrid inference on
the selected ranges (green) for H, E, and R.
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Figure 18: Posterior distributions (red) for A, Z.¢, Br and C using hybrid inference on
the selected ranges (green) for H, E, and R.
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Figure 19: Posterior distributions (red) for A, Z.g, Bt and C using hybrid inference on
the selected ranges (green) for H, E, and R.
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