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Abstract

Nuclear fusion represents a promising solution to the global energy challenge, offering
safe and virtually limitless power. Diagnostics are critical for all life stages of
fusion machines, with a core diagnostic being y-ray spectrometry, used for operation,
research, and waste characterisation. This thesis demonstrates machine learning can
enhance high-purity germanium v-ray spectrometry for nuclear fusion applications.
Two key applications were identified: reducing the effects of Compton scattering and
improving the absolute efficiency calculation process.

To achieve these objectives, two novel algorithms that leverage machine learn-
ing were developed. The first, the Machine Learning-based Compton Suppression
Algorithm (MLCSA), employs a convolutional neural network to reduce Compton
scattering effects through classification of pulses. The MLCSA reduced the Compton
continuum by 97%, outperforming a traditional hardware suppression system by 10%.
The second algorithm, the Machine Learning-based Efficiency Calculator (MaLBEC),
uses a multilayered perceptron to improve the efficiency calculation process. The
MaLBEC predicted absolute efficiency values within 6% and with an improved

computational time of 99%, when compared to Monte Carlo N-Particle.
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Chapter 1

Introduction

1.1 The fusion landscape

The global energy demand continues to rise, driven by population growth and
industrialisation. To meet current and future energy demands, baseload power
must be provided by a constant reliable energy source. The baseload is currently
provided by a combination of fossil fuels, renewables, nuclear fission, and others,
with fossil fuels providing the majority of the baseload. The burning of fossil fuels
releases greenhouse gases, such as carbon dioxide (COs), which contribute to climate
change and must be replaced with alternative methods. Renewables, such as wind
and solar, are essential to support the baseload during high demand, but they face
intermittency challenges and require large scale storage solutions. Nuclear fusion
represents one of the most promising solutions to the global energy challenge. Fusion
occurs when two light nuclei combine to form a single heavier one, while releasing vast
amounts of energy. The process does not emit greenhouse gases, thereby offering a
complementary approach with the potential to replace fossil fuels, offering a pathway
to clean, safe (no chain reactions), and virtually limitless (fuel from the sea) power
[1]. Achieving controlled fusion on Earth, however, is an immense scientific and
engineering challenge.

The UK Atomic Energy Authority (UKAEA) is at the forefront of this effort,
leading the UK’s national fusion research programme and contributing to and
supporting international projects and private fusion companies, as fusion experts.
The UKAEA operated the record breaking fusion research facility, the Joint European
Torus (JET), which is shown in Figure 1.1, on behalf of EUROfusion for 40 years.
The JET facility holds the world record for fusion energy output, where high fusion

power was consistently produced for 5 seconds, resulting in a ground-breaking record
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of 69 megajoules. The JET facility is now undergoing decommissioning, since 2023,
through the JET Decommissioning and Repurposing (JDR) project, which is also a
world first and offers exciting opportunities to improve new technologies, provide
insight on the impact of years of plasma operations, build the skills required for future
fusion power plants, while learning how to minimise waste and maximise fuel recovery
[2]. The UKAEA currently operate the Mega Amp Spherical Tokamak Upgrade
(MAST-U), which focuses on the development of spherical tokamak technology which
the UKAEA has long-supported, with particular focus on the development of divertor
technology (which extracts heat and ash). Through initiatives like the Spherical
Tokamak for Energy Production (STEP) program, the UKAEA aims to design and
build a prototype fusion power plant by the 2040s, positioning the UK as a global
leader in fusion technology. At the international level, fusion research is driven
by large collaborative projects. The ITER (meaning 'the way’ in Latin) machine,
currently under construction in France, is designed to demonstrate the feasibility of
fusion energy by exploring plasma behaviour at power plant-scale conditions [3]. Its
central objective is to achieve a plasma that produces significantly more fusion power
than the external power used to heat it, marking the first time a fusion experiment
is expected to achieve a net energy gain from a confined and controlled plasma.
Building on the scientific and technological advances achieved by ITER, the next
part of the European fusion roadmap will be to build the DEMOnstration Power
Plant (DEMO), to demonstrate net electricity generation and long-term operation,
thereby bridging the gap between experimental fusion devices and commercial fusion

power plants [4].

Figure 1.1: The JET fusion machine (with Kimberley Lennon in the foreground), located
at the UKAEA’s Culham Campus
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1.2 Fusion diagnostics

Diagnostics are critical for every stage of the fusion lifecycle, including development,
commissioning, operation, maintenance, and decommissioning. Among the suite of
diagnostics available for fusion research is y-ray spectrometry, which is a technique
that enables the identification and quantification of radionuclides. There are many
applications of y-ray spectrometry, with one area being radioactive waste disposal and
decommissioning, where radioactive waste must be characterised and the resulting
activity assessments should be separated by individual radionuclides before disposal,
as stipulated in [5]. Another area is in fusion research, where v-ray spectrometry is
a key technique that can be used to determine the purity of materials to be used
in nuclear fusion machines, with results used as justification for fusion materials
research to minimise the burden and cost of the consignment of waste, as described
in [6]. Another example of a research application is the use of y-ray spectrometry to
provide information about the neutron energy spectrum, from neutron activation
analysis of materials positioned near to fusion plasmas. The results can be used to
indirectly calculate the neutron flux and fusion power, with possible applications in
plasma control.

At the UKAEA, v-ray spectrometry is utilised in both of the aforementioned
applications of waste disposal and fusion research, through a state of the art diag-
nostics lab, the Radiological Assay and Detection Laboratory (RADLab), as shown
in Figure 1.2. The experimental parts of this thesis work were conducted utilising
some of the RADLab’s static and portable y-ray spectrometry detectors, specifically
the high-purity germanium (HPGe) type.

Figure 1.2: The RADLab, at the UKAEA’s Culham Campus. The photograph shows a
corner of the RADLab, where static HPGe detectors are housed within lead castles (orange,
green, blue, and pink)
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1.2.1 Machine learning for fusion diagnostics

Machine learning is increasingly recognised as a transformative tool in nuclear fusion
diagnostics, particularly in the context of y-ray spectrometry and spectral data
analysis. Machine learning-based algorithms have been applied to enhance ~-ray
spectrometry analysis, especially in areas where traditional algorithms face limitations
due to noise or spectral complexity. The article [7] provides a comprehensive review
of the applications of machine learning in ~-ray spectrometry; the papers reviewed
encompass a wide array of applications, from environmental studies to nuclear physics
research, highlighting the versatility and impact of machine learning approaches in
this field. Challenges in applying machine learning to y-ray spectrometry include
misidentification rates, sensitivity to changes in background radiation, and the need
for extensive training datasets. Despite these challenges, the studies demonstrate
the potential of machine learning to revolutionise processes such as radioisotope
identification, optimisation of detector performance, and environmental monitoring
[7].

Although the primary focus of this work is y-ray spectrometry for fusion waste
and research applications, it is important to contextualise this within the broader
landscape of machine learning in nuclear fusion. The International Atomic Energy
Agency (IAEA) produced a report [8] that outlines a broad range of use cases,
including automated data processing, predictive modelling, and enhanced diagnos-
tic capabilities in high-radiation environments such as those encountered in fusion
reactors. More generally, strategic frameworks such as the UK’s National artificial
intelligence (AI) Strategy [9] emphasise the importance of machine learning and Al
in scientific innovation, with specific reference to nuclear science and the need for
collaborative infrastructure and open data standards. Collectively, these develop-
ments and strategic documents highlight the growing relevance of machine learning
in fusion diagnostics, particularly in enhancing the capabilities and precision of y-ray
spectrometry systems. Chapters 3 and 4 contain a more comprehensive review of
specific y-ray spectrometry development requirements, which are not met by existing

work, identifying a gap for novel improvements.
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1.3 Thesis aims

This thesis addresses the gap in novel improvements to y-ray spectrometry, by devel-
oping and evaluating machine learning-based algorithms tailored to the challenges of
fusion diagnostics for waste characterisation and research applications. The central

research question addressed in this thesis is:

To address this central question, two key challenges of HPGe ~-ray spectrometry
were identified: reducing the Compton scattering effect and improving the absolute
efficiency calculation process. The primary contributions resulting from this work
are two novel, machine learning-based algorithms designed to address these chal-
lenges, with further specific research questions addressed in the relevant chapters.
This research aims to enhance diagnostic accuracy and efficiency, supporting the
advancement of fusion diagnostics for next generation fusion machines. This thesis
does not address real time deployment, integration with plasma control systems,
application to other detector technologies such as scintillators or diamond detectors,
or other nuclear industry applications of y-ray spectrometry, as this is beyond the

scope of the work.

1.4 Thesis outline

This thesis consists of five chapters. Chapter 2 provides the theoretical background
relevant to the whole thesis, while the theory relevant to specific chapters is presented
within those chapters. Chapter 3 introduces a novel machine learning-based algorithm
for reducing the Compton scattering effect on spectra from v-ray spectrometry,
supported by relevant background and experimental validation. Chapter 4 presents
a second novel machine learning-based algorithm aimed at improving the absolute
efficiency calculation process in v-ray spectrometry, supported by relevant background
and experimental validation. Finally, Chapter 5 summarises the findings from all
chapters, discusses the implications and limitations for fusion diagnostics, and outlines

recommendations for future work.



Chapter 2

Theory

2.1 Nuclear fusion environments

2.1.1 Fusion reactions

Nuclear fusion is where two light nuclei are given energy to overcome the repulsive
forces of the Coulomb potential and collide to form a heavier nucleus, with the
release of energy [10]. To give the nuclei enough energy they are heated to a plasma,
which is an ionised state of matter, comprising a mixture of positively charged
ions and free electrons. To create a plasma in a fusion machine, often multiple
different types of auxiliary heating methods are required, and these systems will
vary depending on technological approach, for example whether the machine uses
magnetic confinement fusion (MCF) or inertial confinement fusion (ICF). At the
UKAEA, MCF has been the preferred approach, as it is the most mature technology
used on the JET machine. In MCF machines, fusion fuel is heated in excess of 150
million degrees Celsius using ohmic heating, radio-frequency heaters, neutral beam
injection [11]. For commercial fusion (i.e. a fusion reactor to produce net energy),
three key parameters must be optimised, referred to as the Lawson criteria [10] or
triple product: temperature, plasma particle density, and confinement time. These
parameters are not maximised independently but instead they must be balanced to
maintain plasma stability. For example, confinement time refers to the duration the
plasma retains its energy at fusion relevant temperatures before significant losses
occur, not simply how long the plasma is physically held. The most commonly used
fusion fuels are the isotopes of hydrogen, deuterium (D, ?H) and tritium (T, *H),
due to their high cross section (measure of the effective area a nucleus presents for a
fusion reaction to occur) for fusion at the lowest centre of mass energy (and therefore

lower plasma temperatures). Figure 2.1 shows the cross sections of several fusion
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Figure 2.1: The DT reaction (blue) exhibits the highest cross section at relatively
low energies (100 keV), making it the most favourable for future commercial fusion
machines. The DD reaction (green) has a significantly lower cross section, requiring higher
temperatures for comparable reaction rates [12]

fuel options, clearly demonstrating that DT is the optimal fuel mix. The reaction
for DT is denoted as [10]

’H +°H = n + *He, (2.1)

where n is a neutron with energy of 14.1 MeV and *He is helium (an «) with energy
3.5 MeV.
Conversely, DD fusion has two equally probably pathways, namely

’H + ?H = n + *He, (2.2)
where n has energy 2.45 MeV and *He has 0.82 MeV. The second possible DD reaction
is

H+H = p +°H, (2.3)

where p is a proton with energy 3.02 MeV and T has energy 1.01 MeV. The neutrons
released in the reactions from Equation 2.1 and 2.2 are the focus of this work,
specifically the 14.1 MeV neutrons as DT will be the primary fuel used in the

commercial fusion machines.
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2.1.2 Neutron activation

The process of neutron activation in fusion can occur when the neutrons emitted in
reactions such as those from Section 2.1.1 interact with nuclei in the surrounding
material. Neutron behaviour depends strongly on energy, typically categorised as
thermal (<0.5 eV), epithermal (0.5 eV-100 keV), and fast (>100 keV). Fast neutrons
first lose energy through both elastic and inelastic scattering. As neutrons slow
into the thermal range, inelastic scattering becomes negligible and neutron capture
becomes the dominant interaction mechanism. Depending on the energy of the
neutron and the reaction cross sections for elements in the material, the nucleus may
become excited or transmute into another isotope, emitting prompt v rays during
de-excitation, and delayed v rays later as the radioactive product decays [13]. The
nucleus may also emit [ particles, but these are not conventionally measured with
~-ray spectrometry and so have been omitted from this work. There are four primary

reactions that can take place:

« Neutron capture - (n,7), this dominates with low-energy (thermal) neutrons.
When a neutron is absorbed by the nuclei it collides with, it forms a heavier
and often excited nucleus. An example is in cobalt (Co), **Co(n,7)®Co, which

goes from non-radioactive to radioactive Co.

« Elastic scattering - this is the process in which a neutron collides with a
nucleus and transfers part of its energy without exciting the nucleus. The
interaction leaves the target nucleus in its ground state, and the neutron

continues with reduced energy and an altered direction.

« Inelastic scattering - this is where the neutron imparts some of its energy
leaving the nucleus it collided with in an excited state, where de-excitation

then coccus through ~ emission.

o Transmutation - the changing of one element to another through reactions
such as proton emission (n,p), neutron-proton emission (n,np), and alpha
particle emission (n,a). These reactions dominate in fast neutron fields (over
0.5 MeV). An additional reaction in this category is the two neutron emission
(n,2n) which is also known as a threshold reaction and requires a minimum
neutron energy (unique to that interaction) to occur [13]. An example of
transmutation is aluminium (Al) to Magnesium (Mg), 2"Al(n,p)?*"Mg. Here
fast neutrons can change 2"Al into 2"Mg, which is radioactive and then beta

decays back to aluminium.



2.1 Nuclear fusion environments

Neutron activation and fusion waste

Fusion machines are often constructed out of materials that readily activate, such
as stainless steel. Steel is used due to its useful construction properties such as
strength, economic viability, and established manufacturing capabilities. The neutron
activation of composite materials, such as stainless steel, readily produces complex
activation networks that might include multiple reaction types, resulting in the
emission of a vast spectrum of vy energies [14]. Table 2.1 provides the dominant
reactions and product half-lives (the time required for half of the nuclei in a radioactive

sample to decay) for common elements in stainless steel, including iron (Fe), chromium
(Cr), Nickel (Ni), manganese (Mn), molybdenum (Mo), and Co.

Table 2.1: The dominant neutron activation reactions in steel, the product half lives, and
main ~y energies [15]

Element Reaction Product nuclide Half-life Dominant 7 energies (keV)

Fe (n,p) >IMn 312.3d 835

58 e (n,7) e 44.5 d 1099, 1292
Cr (n,7y) °1Cr 27.7d 320
8Ni (n,p) Co 70.9d 811
8Nj (n,np) %Co 271.8 d 122
55Mn (n,7y) %Mn 2.58 h 847, 1811
Co (n,7) 0 Co 527y 1173, 1332
Mo (n) Mo 65.9 h 740, 181

Material activation can hinder maintenance activities and can impact decommis-
sioning [16]. For example, removing temporary structures from the exterior of the
machine (torus hall) such as stairwells and scaffolding which may be in place during
fusion pulses, or the removal of components which might have been damaged during
operations. Once activated and removed from the fusion machine, items must be
handled carefully either through safe storage and shielding until the radiation decays
to safe levels, or by being disposed of as radioactive waste. The safe handling of
radioactive items is critical because ionising radiation is harmful to humans, therefore
monitoring and controlling exposure to radiation is vital. This type of component
removal work is ongoing in the JDR project at the UKAEA [16]. Other materials
that do not undergo neutron activation so readily are being researched to build
future fusion machines [6, 17], selecting those that are the least activated but still
have other desirable materials properties, such as high strength. This is an area that
is heavily researched already, and is not the focus of this thesis.

When materials are disposed of as radioactive waste, these are consigned to

waste storage/disposal facilities based on the activity from ~-ray spectrometry
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2.1 Nuclear fusion environments

measurements (discussed in detail in Section 2.2.8). Accurate classification of waste
is essential, radioactive waste disposal facilities charge amounts that scale with the
activity and therefore it is important that the activity is estimated accurately and
not overestimated, as this will greatly increase the costs. Along with the potential
financial burden, misclassification can lead to potential legal ramifications (especially
when understating the activity of radionuclides), and reputational damage which
can impact public perception of the nuclear sector and could influence government
funding decisions, which is especially important for nuclear fusion research. The
different waste categories and the requirements for each category are defined in UK
legislation [5] as per Table 2.2. The table contents been limited to the categories
relevant to fusion, as fusion wastes do not produce heat generating waste (unlike
nuclear fission), which include: out of scope of regulation (OOS), low level waste
(LLW), and intermediate level waste (ILW).

Table 2.2: UK radioactive waste categories and activity limits relevant to fusion [5]

Category Beta/v (Bq/g) Alpha (Bq/g)
00S Specific per radionuclide Specific per radionuclide
LLW < 12,000 < 4,000
ILW > 12,000 > 4,000

Neutron activation and fusion research

While neutron activation of materials is problematic for maintenance and decommis-
sioning activities, it can also be beneficial for research activities. Neutron activation
of materials can be used as a fusion diagnostic tool, specifically activation foils, such
as those used in [18-23]. Activation foils are a form of indirect neutron measurement,
which require irradiating materials of known composition and activation pathways,
each with specific neutron energy dependent cross sections and threshold energies.
Following removal from the source, the resulting v signatures are analysed via -ray
spectrometry to determine characteristics of the neutron field. These characteristics
include the energy spectrum and neutron fluence, where fluence is the total number
of neutrons that have passed through a unit area during a given time period (n
cm ™2 s71). Through this method fusion power can be inferred, since one 14.1 MeV
neutron is released per fusion reaction in DT fusion, counting the neutrons provides a
direct measure of the fusion power. The activation foil method also has potential for
estimating fuel burn-up [24, 25] and for materials research [17]. Given the importance
of the applications of the y-ray spectrometry analysis results in research, it is vital

that the analysis is correct. Incorrectly determining the fuel consumption, through
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2.2 Radiation detection principles

poor ~-ray spectrometry results, could mean the fusion machine runs out of fuel
prematurely, potentially ruining costly and important fusion experiments. This
would damage the scientific research, cost money, and could lead to reputational

damage (for the company but also for fusion research on a wider scale).

2.2 Radiation detection principles

A common method in the nuclear industry to identify and quantify the presence of ~
radiation is y-ray spectrometry. The method is well developed, with books such as
[13, 26, 27] being the standards that provide detailed explanations on all aspects of
radiation detection and ~-ray spectrometry. The principles of y-ray spectrometry

are discussed in this section.

2.2.1 Radioactive decay

Radioactive decay is a spontaneous change within the nucleus of an atom which
results in the emission of particles or electromagnetic radiation. The modes are «,
B, and v decay. Here, 3 is the principal mode, which encompasses S~ decay where
neutrons change into protons with the emission of an electron and 5% decay where
protons change into neutrons with the emission of a positron. Following « or
decay, v radiation is commonly emitted, when the daughter nucleus remains in an
excited state and subsequently releases surplus energy in the form of « rays, which
typically range from a few keV to several MeV. Thus, v emission is a mechanism for
de-exciting the nucleus to its ground state (which is the lowest energy configuration
for that nuclide), without changing its atomic number or mass number [26].

Decay schemes, such as the one illustrated in Figure 2.2 for caesium-137 (137Cs),
visually represent the sequence of nuclear transitions that occur during radioactive
decay, including the emission of a, §, and ~ radiation. They show the energy
levels of parent and daughter nuclei, the type of decay involved, and the energy
of emitted particles or v rays. Transitions of v rays, depicted as a vertical arrows
between energy levels, are classified as either prompt or delayed depending on the
lifetime of the excited state from which they originate. Prompt + emissions occur
almost instantaneously (femtoseconds), while delayed « emissions are associated
with metastable states (isomers), which can persist for milliseconds to years before
de-excitation.

The discrete energy levels associated with nuclear transitions make v radiation

particularly suitable for spectral analysis, as each radionuclide emits v rays with
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137Cs (30.08 )

137mB3 (2.55 min)

Y 661.6 keV (85.1%)

137Ba (stable)

Figure 2.2: A simplified schematic of the 37Cs decay scheme, illustrating the S~
transitions to the !3"Ba ground state and the metastable *""Ba states (blue), as well as
the characteristic v-ray transition from 37™Ba to the ground state (red). Branching ratios
and relevant half-lives are indicated

characteristic energies. In vy-ray spectrometry, decay schemes serve as a crucial

reference for identifying radionuclides based on their characteristic v emissions.

2.2.2 The ~v-ray spectrometry process

The characteristic v-rays emitted in decay schemes appear in practice as features
within a measured spectrum. A v-ray spectrum is essentially a histogram of detected
v energies, where discrete photopeaks correspond to the specific transitions of
individual radionuclides. By linking each peak to its originating ~-ray energy and
relating the peak area to the number of emitted ~ rays, the spectrum provides the
basis for both radionuclide identification and activity determination. The full y-ray
spectrometry measurement process typically involves several key steps, listed below

and shown in Figure 2.3:

1. Sample preparation

o Identify the item for measurement
e Select an appropriate container, where relevant
o Assign unique identifier for tracking

» Record the sample geometry metadata (e.g. weight, dimensions, materials,

material density, fill height, etc.)

o Define the purpose of the measurement (e.g. waste characterisation,

research measurement, etc.)

12
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2. Detector preparation

o Select the most suitable detector (Section 2.2.4)

» Ensure the detector is energy calibrated (Section 2.2.5)

o Perform energy calibration QA checks with reference sources

» Efficiency calibration to determine an energy dependent efficiency curve
for the measurement geometry (Section 2.2.3)

3. Data acquisition

 Acquire a background spectrum if required (Section 2.2.7)

e Select an appropriate live counting time, depending on the measurement

purpose

o Set the source-to-detector distance

o Record all relevant measurement metadata

« Enable Compton suppression or veto systems, if available (Section 3.1.1)

o Acquire the spectrum for the predefined live time
4. Spectrum processing

o Identify photopeaks and assign them to radionuclides

« Fit photopeak shapes (typically Gaussian)

« Subtract background, if applicable

 Determine the net peak area for each identified photopeak (Section 2.2.8)

o Apply residual corrections that are not already included in the efficiency

calibration (e.g. coincidence summing)

o Activity calculation: calculate activity for each relevant photopeak (Sec-
tion 2.2.8), decay correction to a reference time if applicable (Section 4.2.1),

and uncertainty propagation (Section 2.2.8)
5. Quality assurance

« Verify sample dimensions and geometry metadata

o Confirm that radionuclide assignments and activities are physically rea-
sonable, e.g. by way of comparison with historical or expected values, if

applicable
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6. Reporting

* Report activities
o Provide associated uncertainties
« Include minimum detectable activities (MDA) where relevant (Section 3.3.2)

¢ Document all measurement conditions and metadata

1. Sample preparation

2. Detector preparation
(MaLBEC)

3. Data acquisition
(MLCSA)

4. Spectrum processing H.Il e
i

5. Quality assurance

6. Reporting

Figure 2.3: A diagram to show the key steps in the y-ray spectrometry measurement
process. The pink coloured boxes show the areas where the algorithms developed in this
thesis are directly applicable to
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2.2.3 Performance of y-ray spectrometry detectors

The performance of y-ray spectrometry is determined by two parameters - energy
resolution and detection efficiency. Energy resolution, typically expressed as the
full width at half maximum (FWHM) of a photopeak (see Figure 2.4), determines
the ability to distinguish closely spaced ~ lines and changes as a function of energy.
Energy resolution is specified as the FWHM in keV at a given v-ray energy (e.g.
1 keV at 1332 keV).

A
—— Highres
Low res
2
c
S
Q FWHM—
O
Energy, keV

Figure 2.4: An illustration of how high resolution (green) compares in energy/photopeak
width to low resolution (orange). The FWHM is shown for one of the high resolution peaks
(red)

Detection efficiency quantifies the probability that a v ray emitted from a source
will be detected and correctly registered by the system. It depends on factors
such as detector geometry, v ray energy, source-detector distance, and shielding.
Efficiency can be described as either absolute or relative; relative efficiency compares
the detector’s response to a reference standard - typically a 3”x3” thallium-doped
sodium iodide (Nal(T1)) detector at a source-detector distance of 25 cm, measured at
1332 keV using %°Co - and is more commonly used to compare detectors of different
sizes or types, while absolute efficiency considers the total number of v rays emitted
by the source and is used when the true detection probability is required. Absolute
efficiency is typically expressed as a function of energy, producing an efficiency
curve that characterises the detector’s response across the energy range of interest.
Efficiency curves exhibit a characteristic shape, rising at low energies before reaching

a peak and then decreasing at higher energies, as illustrated in Figure 2.5.
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Figure 2.5: An example absolute efficiency curve showing the characteristic shape of
detector efficiency as a function of y-ray energy. Efficiency rises at low energies, reaches
a peak at approximately 200 keV, and decreases at higher energies due to the reduced
probability of y-ray interaction within the detector volume.

2.2.4 Types of v-ray spectrometry detectors

There are two broad families of y-ray spectrometry detectors, semiconductor detectors
and scintillators, and the choice between these two families depends on the budget
available, performance requirements (higher resolution vs detection efficiency), and
operational feasibility (cooling availability, portability, etc.). Scintillation detectors,
such as Nal, convert the energy deposited from incoming 7-rays into flashes of light,
which are then measured to determine the v-ray energy. These offer high efficiency
at room temperature, but at the expense of lower energy resolution. Semiconductor
detectors, such as HPGe and cadmium zinc telluride (CZT'), operate on the principle
of converting ~-ray interactions into electrical signals, through charge collection in a
crystal medium, and provide superior energy resolution. In this work, resolution is an
important factor due to complex spectra arising from extensive activation networks,
and so semiconductor detectors were used.

Semiconductors have an electrical conductivity that lies between that of conduc-
tors and insulators, meaning they have a relatively small band gap energy between
the lower conduction and upper valence band, which readily enables charge carrier
generation when ionizing radiation interacts with it [13]. The CZT crystals have a
band gap of 1.4 to 2.2 eV, which doesn’t require cooling as the gap is significant
enough to not allow leakage currents, but provides a medium resolution (better than
Nal scintillators but worse than HPGe). Whereas HPGe crystals have a small band
gap of 0.67 eV, and due to the small band gap of germanium, thermal excitation at

room temperature can produce significant leakage current (the noise level), degrading
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performance. To reduce this, HPGe detectors are operated at cryogenic temperatures
of ~77 K, using either liquid nitrogen or electrically cooled cryostats, where the
cooling reduces thermal noise and stabilises the detector response. Despite the
inconvenience the cooling brings, the high resolution performance of HPGe detectors
far outweighs this and so HPGe was selected for use in this work.

High-purity germanium detectors are manufactured in various geometries, each
optimised for specific applications. For example, coaxial detectors feature a cylindrical
geometry with a central bore and are commonly used for general purpose spectrometry
due to their large active volume and consequently high efficiency. Another example is
planar detectors, which use flat crystal surfaces and shallow contact structures that
reduce electronic noise, providing excellent energy resolution, and enhanced sensitivity
to low-energy v detection. A final example is the Broad energy germanium (BEGe)
detector, whose short, flat, non-rounded crystal geometry enhances efficiency below
1 MeV for typical close-geometry samples, while its thin, stable entrance window
and wide operational energy range (3 keV — 3 MeV) provide excellent low-energy

performance and resolution.

2.2.5 HPGe theory

In its pure form, germanium has an equal number of electrons and holes, which
results in limited electrical conductivity. Therefore, to enhance electrical properties,
n-type germanium is doped with donor atoms to introduce additional electrons into
the conduction band, and p-type germanium is doped with acceptor atoms to create
holes in the valence bands by accepting electrons. Where the p-type and n-type
regions are brought into contact, they form a p-n junction (Figure 2.6). Here, the
electrons from the n-type region diffuse into the p-type region and recombine with
holes, while holes from the p-type region diffuse into the n-type region and recombine
with electrons. This diffusion process leaves behind immobile ionised donor and
acceptor atoms (essentially cancelling each other out, leaving no net charge), resulting
in the formation of a depletion region, a zone that has no free charge carriers and is
the area where y-ray detection occurs. This region is extended by the application
of a reverse bias voltage across the junction, which strengthens the electric field
and sweeps carriers away from the p-n junction, widening the depletion region and
effectively increasing the volume of the detector that is sensitive to ionising radiation.
In HPGe detectors, the aim is to have a depletion region that covers as much volume
of the crystal as possible, to maximise the likelihood of 7 rays being detected [13]. A

feature to consider is the dead layer, which is an inactive region on the surface of
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the crystal, where radiation interactions do not produce measurable signal due to

recombination or insufficient electrical field strength.

Depletion region
p-type , ; ! n-type
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Figure 2.6: A simplified schematic of a p-n junction in a HPGe semiconductor detector,
illustrating the formation of a depletion region when p- and n-type germanium are brought
into contact

For detector fabrication, the bulk of the crystal can be doped to be either p-type
or n-type, depending on the intended application. In the case of a p-type BEGe
detector, as used in Chapter 3 of this thesis and described in detail in [28], this has a
p+ point contact at the base (boron implantation) and a n+ external contact at the
surface (lithium diffusion). A bias is applied to the external n+ contact (+5000 V
in this work) and the p+ contact is grounded, therefore the n+ contact collects
electrons and the p+ contact collects holes. Due to the large area of the external
contact it has a high capacitance and is therefore noisy, hence, the collected signals
are not used, meaning the collected signals come from the point contact. The BEGe
detectors are discussed in more detail in Chapter 3.

When a v ray interacts with the crystal within the depletion zone, the result
is the liberation of an electron from the atoms within the depletion region, which
goes on to generate electron-hole pairs through further interactions. The applied
electric field across the depletion region causes the electrons and holes to drift toward
their respective electrodes: electrons move towards the positive electrode and the
holes move to the negative electrode. The movements of the charge carriers induce
a current on the contacts, where a charge is collected over time and processed by
the detector electronics, where the time taken for electron-hole pairs to reach the

contacts is the charge collection time, the pulse integral is proportionate to the energy
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deposited, and the measured pulse amplitude corresponds to the collection of both of
the charge carriers, according to the Shockley-Ramo theorem [29]. The charge carrier
drift and resulting induced signals for a BEGe detector are discussed in detail in [28].
The total charge collected is proportional to the energy deposited in the detector by
the incoming v ray [30]. During this processing interval the system cannot accept
another pulse, creating a short period known as the dead time. Any ~v-ray interaction
that occurs during this interval will not be recorded. It is important to distinguish
that this dead time does not arise from the detector or the charge collection process
itself, multiple interactions may occur during charge drift, and preamplifier pulses
can overlap without preventing further pulses from being generated. Instead, the
dead time is introduced by the pulse processing electronics, particularly the shaping
and digitisation stages. In typical modern digital systems, dead time is determined
by the pulse processing electronics and is tracked continuously by the acquisition
system, which distinguishes between real time and live time (the period during
which the system is able to record events). Depending on the system behaviour,
dead time losses can follow either a paralysable or non-paralysable model. In the
non-paralysable model, events occurring during the dead time interval are lost but
do not extend the dead time. In the paralysable model, any event arriving during
the dead time interval will extend it further, meaning high rates can effectively shut
the system down.

After charge collection, the signal is integrated and amplified by the preamplifier,
then digitised by an analogue to digital converter (ADC). The digital processor applies
baseline restoration, pole-zero correction, and pile-up rejection before performing
digital shaping, typically with a trapezoidal filter, to reduce noise and stabilise the
pulse. The flat-top amplitude of the shaped pulse is extracted as the event energy,
and this value is sent to the multichannel analyser (MCA), which assigns the pulse
to a channel based on its amplitude, which is directly proportional to the energy
deposited by the 7 ray in the detector. Over time, as many events are recorded, the
MCA builds a histogram of counts versus energy, producing the y-ray spectrum.

Since the channel numbers from the MCA are arbitrary and do not correspond to
~-ray energy, an energy calibration must be performed to enable quantitative analysis.
This process establishes a relationship between channel number and energy, ensuring
peaks in the spectrum correspond to their respective energies. This typically involves
measuring known ~v-ray energies from reference sources and fitting a calibration curve
to link channel number to energy. Accurate calibration ensures that photopeaks
in the spectrum correspond to their true energies, enabling reliable radionuclide

identification and quantitative analysis.
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2.2.6 Gamma-ray interactions

When a ~ ray interacts within the depletion region of an HPGe crystal, it deposits
energy through one of three energy-dependent processes; photoelectric absorption
(PE), Compton scattering (CS), and pair production (PP) [26]. Figure 2.7 shows

these three interactions within a HPGe crystal.

PE:

CS:

PP:

Figure 2.7: A simplified schematic of the three = interactions within a HPGe crystal.
Incoming ~ rays are shown by ~; (pink), escaping v rays are 7, (red), the electrons are e~
(light blue) and the positron is e™ (green). The CS interaction shows a single scatter event.
This figure is adapted from [13]

Photoelectric absorption

The PE interaction is dominant at energies < 150 keV and occurs when a 7 ray
interacts with a tightly bound electron. The v ray is absorbed in an atom in the
germanium crystal and ejects the electron from its shell, becoming a photoelectron,
and the ~ ray transfers nearly all its energy to the electron with kinetic energy equal
to

E.=E, - E, (2.4)

where E, is the energy of the ejected photoelectron, E, is the energy of the incident
~ ray, and Fj, is the energy binding the electron in its shell (E} is negligible in this
work since £, is typically thousands of times larger [26]). The photoelectron then
travels through the depletion region, undergoing multiple ionizing collisions with
surrounding atoms. Each collision liberates additional electrons from the valence
band, creating electron-hole pairs. This continues until the photoelectron loses all
its kinetic energy. The total number of electron-hole pairs generated is proportional

to the initial energy of the v ray, and these charges are collected by the detector’s
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electrodes under the influence of an electric field, producing a current pulse whose

amplitude reflects the energy deposited.

Compton scattering

The CS effect, dominant at 150 keV — 4500 keV, occurs when an incoming 7 ray
collides with a loosely bound atomic electron, transferring part of its energy. The
electron is ejected from the atom and is referred to as the recoil electron. This
recoil electron behaves similarly to the photoelectron in PE, travelling through the
depletion region of the crystal, ionizing atoms and creating electron-hole pairs, which
are collected by the electrodes and contribute to the current pulse. If the scattered
~ ray is eventually fully absorbed via PE absorption (i.e. it does not leave the
detector), then this will be a pulse representing the full energy of the incoming
ray. If the v ray leaves the detector after a single scatter (as shown in Figure 2.7),
then the resulting pulse corresponds to the energy deposited by the singular recoil
electron, producing a low-energy event (where the energy is lower than the full v ray
energy) in the spectrum that does not reflect the energy of the v ray. If the v ray
scatters multiple times before escaping, each scattered v ray deposits partial energy
and contributes to the pulse; the pulse will be larger than the pulse reflecting v ray
escape after a single scatter, but still will not reflect the full energy of the v ray. The

kinetic energy transferred to the recoil electron, FE,, is given by
E,=FE,— E/w (2.5)
where £’ is the energy of the scattered v ray [26], which is defined as

_ L,
14+ 25 (1 —cosh)’

mec?

E/

~

(2.6)

where m.c? is the rest mass energy of the electron which equals 511 keV (where m,
is the electron mass and ¢ is the speed of light in vacuum) and 6 is the scattering
angle of the v ray [13]. The probability of CS occurring in a material increases
approximately linearly with its atomic number Z, since a higher Z implies a greater
number of orbital electrons that serve as scattering targets. The Klein-Nishina
formula describes the probability that an incident v ray scatters through an angle 6
into a solid angle df2. The resulting angular distribution is strongly energy dependent:
at lower energies (e.g. 10 keV), 7 rays scatter over a broad range of angles with
a slight preference for backscattering, whereas at higher energies (e.g. 10 MeV)

the distribution becomes increasingly forward peaked. The increased probability
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of forward scattering at higher energies implies that higher-energy ~ rays are more
likely to deposit their energy deeper into the bulk of a detector crystal [13].

The CS effect creates the Compton continuum in vy-ray spectra. With each
collision the v ray is scattered at an angle relative to its original direction, in the case
that the v ray is scattered 180° (backscatter) this gives the electron the maximum
possible energy transfer in a single scatter and corresponds to the upper limit of the
continuum, called the Compton edge [13]. The gap between the Compton edge and
the photopeak is calculated with

max 1

I+ mec?

Pair production

The PP effect occurs when a v ray with energy exceeding 1022 keV interacts with
the electromagnetic field of a nucleus within the germanium crystal. This interaction
can result in the conversion of the v ray into an electron-positron pair (complete
absorption of the incoming v ray). The kinetic energy of the pair is given by the
excess energy above the pair creation threshold, and both particles travel through
the depletion region, ionizing atoms and generating electron-hole pairs [13]. These
charges are collected by the electrodes and contribute to the current pulse. The
positron eventually annihilates with an electron, producing two back-to-back 511 keV
photons. If both annihilation photons are absorbed within the detector, the total
energy deposited corresponds to the full energy of the original incident ~ ray. However,
if one or both (as shown in Figure 2.7) escape the detector volume, the resulting
pulse will be reduced by 511 keV or 1022 keV, respectively, producing a single or
double escape peak in the spectrum. The energy deposited by the electron-positron

pair is given by

Edep = Ey - Eesca (28)
where g, is the energy deposited in the detector and Ee is the energy carried
away by escaping annihilation v rays (either 511 keV or 1022 keV) [26].
v-ray attenuation

When ~ rays pass through matter, some are absorbed or scattered as a result of
interactions such as the PE, CS, and PP effects, reducing the number that reach
the detector. The extent of attenuation depends strongly depend on v energy and
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the materials involved, meaning the effect varies with sample matrices, container
materials, and detector components. Although attenuation is not a major factor in
this thesis work, a basic understanding of this behaviour is useful when considering

how many ~ rays from a sample ultimately contribute to the recorded spectrum.

2.2.7 Spectral features

There are several features in 7 spectra that are important to consider during analysis,
which are shown in Figure 2.8 and are described in the list below, where the first list
is due to interactions within the detector, and the second list originate externally to
the detector (e.g. shielding materials) [13, 26].

>
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§ peak
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X-ray Annihilation,
- .
511 keV Double eS;gag:)ee
escape Escape
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Er— 1022 Egy =511 Eruu Energy,
keV

Figure 2.8: A schematic for the potential spectral features. Features originating externally
to the detector are coloured orange. This figure is adapted from [13, 31]

Features resulting from interactions within the detector:

1. Full energy photopeak - occurs when the entire energy of the incident y-ray
is deposited in the detector, such as through the PE interaction.

2. Compton continuum - when higher energy ~ rays interact within the crystal,
they can Compton scatter out of the crystal and only deposit a fraction of their
energy, which contributes to a continuum (CS interaction). This lies below the

photopeak and covers the range from near zero up to the Compton edge.

3. Compton edge - the upper limit of the continuum (CS interaction) is marked
by the Compton edge, corresponding to the maximum energy transfer in a

single scatter (180° scatter angle).
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4. Single escape peak - after PP, positron emission can result in one annihilation
photon escaping the detector, resulting in a photopeak downshifted in energy
by 511 keV.

5. Double escape peak - after PP, positron emission can result in both anni-
hilation 7 rays escaping, resulting in a photopeak downshifted in energy by
1022 keV.

6. Summation effects - some isotopes emit multiple v rays in cascade during
the decay process which can arrive at the detector almost simultaneously (in
coincidence) creating a higher energy summed peak. There are two types of
coincidence. An example of true coincidence is ®*Co which emits 1173 keV and
1332 keV v rays to form a sum peak at 2500 keV. Random coincidence is where

multiple v rays arrive at the same time from different radionuclides.
Features resulting from interactions external to the detector:

1. Annihilation peak (511 keV) - full absorption of 511 keV annihilation ~
rays from positron emission (e.g. from PP in the surrounding materials where

the annihilation v rays may enter the detector).

2. Backscatter - a v ray may Compton scatter off surrounding materials (walls,
shielding, detector housing) and re-enter the detector with reduced energy.
This typically presents around 200 keV (from Equation 2.6) on the existing

Compton continuum.

3. Characteristic X-rays - produced when inner shell electrons in atoms are
ejected (e.g. by PE of v rays), and vacancies are filled by electrons from
higher shells. The energy difference between shells is emitted as an X-ray
photon. These can be absorbed by the detector, producing small, low-energy
peaks. Alternatively, they may escape the detector (rare) and appear as escape
peaks at the original v ray energy minus the X-ray energy. Examples include
characteristic X-rays of detector materials (e.g. germanium at 9.9 keV) or
shielding materials (e.g. lead at 75 keV or 85 keV).

4. Natural background radiation - background radiation arises from cosmic
rays, naturally occurring radioactive materials (NORM), and residual radioac-
tivity in laboratory materials and shielding. The NORM are commonly found
in soil, building materials, and industrial by-products, includes isotopes such

as potassium-40, uranium-238, and thorium-232. These environmental sources
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of radiation introduce additional peaks in the spectrum, potentially interfering
with the identification and quantification of target radionuclides and so must be
accounted for - especially for low background applications or to distinguishing
anthropogenic sources from natural ones. Methods for accounting for back-
ground radiation includes background subtraction, which involves taking a
measurement without a sample present prior to measuring the sample, and

shielding design.

2.2.8 Spectral analysis
Activity quantification

In nuclear physics, activity refers to the rate at which a radioactive substance
undergoes nuclear decay, and is measured in becquerels (Bq), where 1 Bq corresponds
to one disintegration per second. The activity, a, is calculated as
Ay

T eXtxY’ (2.9)
where A, is net peak area (Equation 2.10), € is the absolute efficiency, ¢ is the live
counting time (s), and Y is the 7 emission yield. The parameter A, is measured
from the identified photopeaks in the spectrum, collected from a detector (HPGe
detector in this work). For cases in which the peak lies on a background that cannot
be subtracted by a background spectrum (as illustrated in Figure 2.9), the net peak

area is derived as [32]

A, =P —b,, (2.10)
where P is total counts (which includes the green and blue area in Figure 2.9) and
by is

e
bg = 5(31 + Bz), (211)

where B; is number of counts in the start channel, and B, is the number of counts
at the end channel, and n. is the number of channels in the peak region between B
and By [32].
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Counts

Y

Start Channel End Channel
Channel Number

Figure 2.9: Visual representation of the terms in the activity and the signal-to-background
ratio equation (Section 3.10). The green region (A,,) represents the net photopeak area,
while the blue region (by) represents the background area estimated from the start and
end channel counts (B (pink dashed line) and Bs (orange dashed line))

The absolute efficiency, €, as discussed in Section 2.2.3, forms a key part of the
activity calculation and is the ratio of counts in a full energy peak to the total y-ray
emission rate from the sample. The absolute efficiency, €., is expressed as

Naetected
€abs = Nomriood | (2.12)
where Ngetectea 1S the number of detected v-rays in the full-energy peak, and Nepittea
is the total number of v rays emitted by the sample. Absolute efficiency is discussed

in greater detail in Chapter 4.

Activity uncertainty quantification

The dominant contributions to the uncertainty in the activity calculation (Equa-
tion 2.9) arise from counting statistics, detector efficiency, measurement time, and
nuclear data [33], all of which are included in the propagated uncertainty. Other
generic sources of uncertainty in y-ray spectrometry, such as thermal drift and dead
time effects, are acknowledged but not treated explicitly, as they are either negligible
for the measurements performed here or common to all approaches considered in this
work. In this work, the symbol o, denotes the absolute uncertainty in the quantity

x. The combined relative uncertainty is given by [33]
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ma@) = (%) 4 (%) () + (3)] 21)

where 04, /A, is the relative uncertainty in net peak area (Equation 2.14), o./€ is
the relative uncertainty in efficiency (Equation 4.4), o/t is the relative uncertainty
in live time (deemed negligible due to modern clock accuracy), and oy /Y is the
relative uncertainty in 7 emission probability (nuclear data). The full uncertainty
expression (Equation 2.14) formally includes a correlation coefficient [34] between
the net peak area A, and the live time ¢, this contribution is typically negligible
in y-ray spectrometry because the live time is measured with high precision and
the statistical uncertainty in A,, dominates. For this reason, the correlation term is
omitted here.

The relative uncertainty in the net peak area is defined as [33]

o1, \* _ [(op\? n opg \> n op,\?2
(An> _<An> +<2'An> +(2'An> ’ (2.14)

where op/A, is the relative contribution from peak counts (counting statistics), and

op, /A, and op,/A, are the relative contributions from background counts. The

underlying absolute uncertainties are estimated assuming Poisson statistics, with

op~VP,op ~+/Bi, and op, = v/ DBs.

2.2.9 Summary

In summary, y-ray spectrometry constitutes a complex set of y-ray interactions
within a detector, and it is important in nuclear applications to be able to accurately
identify and measure radionuclides with a HPGe detector. One impact that hinders
the ability to accurately quantify the low-energy ~ rays is the CS interactions
and the resulting Compton continuum. Reduction of this feature (called Compton
suppression) has been investigated in literature, but with no perfect solution. A
full literature review for existing methods is discussed in Chapter 3, Section 3.1. A
second factor addressed in this thesis is the importance of the absolute efficiency
calculation. Once radionuclides have been identified through ~-ray spectrometry the
absolute efficiency is required as part of the activity calculation. Full details of the
importance of this is included in Chapter 4, where a literature review of current
methods has been undertaken as part of the production of a novel method.

Two HPGe detectors were used throughout the research presented in this thesis,
with each being selected for its suitability to the specific experimental objectives.

While this section has outlined general principles of HPGe detection, detailed de-
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scriptions of these specific detectors, including their configurations and operational

parameters, are provided in Chapters 3 and 4.

2.3 Machine learning theory

2.3.1 Introduction to machine learning

Machine learning is a sub-field of Al that involves developing algorithms and models
that can learn general patterns and relationships from data and applying these
relationships to new data to make predictions or decisions. The references [35]
and [36] provide detailed background and methodology on how to use machine
learning techniques and enables the reader to learn how to use machine learning
methodically. This section provides background knowledge on the methodology for
utilising machine learning models, which led to the development of two algorithms;
the Machine Learning-based Compton Suppression Algorithm (MLCSA) and the
Machine Learning-based Efficiency Calculator (MaLBEC).

Machine learning training type

Machine learning algorithms can be categorised into two types based on the training
methods: supervised and unsupervised learning. In supervised learning, the model
is trained using labelled data, where the correct outputs are already known and
provided. This approach is effective when accurate mappings between input features
and target variables are required, as in this thesis. In unsupervised learning, the
model is trained using unlabelled data, where the objective is to find patterns or
relationships in the data without any prior knowledge of what those patterns might
be. The machine learning models in both technical chapters (Chapters 3 and 4) of
this thesis are trained via supervised learning because the datasets consist of labelled
measurements with known outputs, enabling the models to learn these mappings
effectively. Therefore, the remainder of this section (and thesis) will only cover

supervised learning methods.

Machine learning task type

Supervised machine learning models can be used for different types of tasks, including
classification and prediction/regression. Classification refers to assigning inputs to

discrete categories or classes. Prediction or regression involves estimating a continuous
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numerical value based on input features [35]. The task in Chapter 3 is a classification

task and Chapter 4 is a regression task.

Machine learning categories

Most machine learning models can be grouped into two categories: traditional and
deep learning. Traditional learning methods require feature extraction, are often
based on statistical algorithms, they are usually faster to train, and work well on
medium sized datasets [35]. Deep learning methods make use of artificial neural
networks (ANNs) and get their name from the common practice of training such
models with many hidden layers. Deep learning methods typically work well on
unstructured data (e.g. images, text, etc.), have feature extraction built-in, and
require a large dataset and more computing power.

In addition to these model categories, ensemble learning methods can be applied
to multiple weaker performing models, to form a single stronger performing model.
Ensembles work via three strategies: bagging (Bootstrap Aggregating), Boosting,
and Stacking. Bagging reduces variance by training multiple models independently
on random subsets of the data and combines their predictions. For regression it
averages outputs and for classification it takes a majority vote. Boosting reduces
bias by training models sequentially, where each new model focuses on the mistakes
of the previous ones. The predictions of all models are then combined, usually with
weighted contributions. Stacking combines multiple different models (which can
be any combination of models from the three categories) by training a combined
model to learn how best to combine their predictions. The base models are usually
trained in parallel. The combined model takes the outputs of the base models as
input and produces the final prediction, effectively “learning how to learn” from the
ensemble [35]. A combination of traditional and deep learning models, with and
without ensemble methods, were considered in the selection process when building
the MLCSA and the MaLBEC algorithms, full details of the models evaluated are
discussed in Chapters 3 and 4 respectively.

Software implementation

All machine learning models in this thesis were implemented in Python. The
scikit learn library [37] was used for classical machine learning algorithms and data
preparation utilities. For the Convolutional neural network (CNN) framework used
in Chapter 3, Keras was used for the implementation of the CNN. Data handling

and processing were performed using NumPy and Pandas.
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2.3.2 Model selection process

Selecting an appropriate model requires considering multiple factors from the previous
section: the training type (e.g. supervised), the task the model is intended to perform
(e.g. regression or classification), the category (e.g. traditional), the nature, structure,
and amount of data available. This section discusses the process of selecting a machine
learning model as used in this work, which includes evaluating many different models
to identify the best performing one [35]. The selection process can be split into the
steps listed below and are shown in Figure 2.10, with the outcomes of all steps are

summarised in Chapters 3 and 4:

1. Define the problem - identify the training type, task type, and suitable

categories.

2. Data collection and exploration - experimental or simulation data, under-
stand the characteristics of the data, visualise and find correlations, identify

what is useful, etc.

3. Data preparation - prepare the data for machine learning algorithms by
creating data pipelines to take raw data to processed data. This could include
data cleaning (remove missing values), feature engineering (creating useful
features), data augmentation (create more varied data), feature selection
(remove none-useful data), and feature scaling (e.g. normalising, standardising,
etc.).

4. Model selection and evaluation - run the processed data on the appropriate
machine learning models (identified in the first step) and evaluate the outcomes

using held-out test data to select the best model.
5. Fine tune the model - optimise the hyperparameters through model tuning.

6. Validation - compare to an alternative method on an experimental sample as

part of the validation process

7. Interpret the results - understand whether the results make physical sense.
This has been included for this thesis work in the summary /discussion /limitation

sections of Chapters 3 and 4.

8. Prepare for large scale deployment - build the final, tuned machine learning
model into a full algorithm for wider use. This has been included for this thesis

work in the future work sections of Chapters 3 and 4.
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1. Define the problem

(Training, task, category)

2. Data collection &
exploration

3. Data preparation

4. Model selection &
evaluation

5. Fine tune the model

6. Validation

7. Interpretation of results

8. Prepare for large scale
deployment

Figure 2.10: A diagram to summarise the steps machine in the learning selection process
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Steps three, four, and five require further details which have been provided in

the next few sections.

Data preparation (step 3)

Effective data preparation is a critical step for the successful application of machine
learning-based algorithms to experimental physics data, to ensure that input data
is representative and optimally structured for machine learning applications. Raw
datasets, whether derived from simulations or measurements, often contain noise,
missing values, or irrelevant features that can obscure underlying physical patterns
and hence need to be removed. The data processing pipelines developed in this
thesis were specific to each algorithm developed, the MLCSA in Chapter 3 and the
MaLBEC in Chapter 4, therefore specific details are provided in those chapters, but

some general techniques are listed here as they are relevant to both approaches:

o Data splitting is where the dataset are split into separate training and test
subsets to enable reliable evaluation of model performance. The training set
is used to fit the machine learning model, allowing it to learn patterns and
relationships within the data. The test set, which remains unseen during
training, is used to assess how well the model generalises to new, independent
data. Typically the ratio of training to test data is 80:20, depending on the
size and variability of the dataset. Care is required to ensure that the split
preserved the distribution of key features and labels, which is discussed in the

relevant chapters.

« Data cleaning is a technique that typically involves the removal of incomplete

data and/or the smoothing of noisy signals.

o Data augmentation refers to the process of artificially expanding the train-
ing dataset, by applying controlled transformations to existing data. These
transformations, such as shifting or adding noise, simulate realistic variations in
experimental conditions while preserving the underlying physical characteristics.
This improves model generalisation and robustness, especially in cases where

collecting large volumes of labelled data is impractical.

o Feature engineering involves transforming raw data into more informa-
tive features that better represent the underlying physical processes. This
may include extracting statistical summaries, ratios, or other domain-specific

quantities that help the model learn more effectively from the available data.
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o Feature scaling techniques, such as standardisation and normalisation,
are applied when appropriate, for example for algorithms sensitive to feature

magnitude [35].

o Data labelling, which is used in supervised training types, is where the
data are labelled using known experimental outcomes or simulation metadata,
ensuring that each input is paired with a reliable target value or class. This
step is particularly important as mislabelled data could significantly degrade

model performance.

Model selection and evaluation (step 4)

As part of the model selection process, a range of models were investigated using
suitable techniques as identified in step one of the selection process. A brief description
of the models evaluated in Chapter 3 and Chapter 4 is provided below, highlighting
their key characteristics and differences. The models are grouped into traditional
machine learning and deep learning approaches.

The following traditional models were evaluated:

1. Decision tree (DT) is an interpretable model that recursively partitions the
feature space using threshold-based splits, serving as a simple baseline for

classification in Chapter 3.

2. Gaussian naive Bayes (GaussianNB) is a probabilistic classifier that assumes
feature independence and models each feature with a Gaussian distribution,
offering fast training and low complexity, evaluated for classification in Chap-
ter 3.

3. Logistic regression (LR) is a linear probabilistic model that estimates class
membership probability via a sigmoid function, providing an interpretable

baseline for classification in Chapter 3.

4. Linear support vector (LinearSV) is a linear model that finds a maximum margin
hyperplane, suited to linearly separable data and evaluated for classification in
Chapter 3.

5. Support vector machine (SVM) extends the linear SVM with kernel functions to
handle non-linear decision boundaries, evaluated for classification in Chapter 3,
while its regression variant, support vector regression (SVR), is evaluated in
Chapter 4.

33



2.3 Machine learning theory

6. K-nearest neighbours (KNN) is a non-parametric instance-based method that
assigns a label or value based on the closest training points, applied to classifi-

cation in Chapter 3 and regression in Chapter 4.

7. Random forest (RF) is an ensemble method that constructs multiple decision
trees and aggregates their outputs, offering greater robustness against overfitting
compared to a single tree, applied to classification in Chapter 3 and regression
in Chapter 4.

8. Extreme gradient boosting (XGB) is a gradient boosting ensemble that builds
trees sequentially, with each tree correcting the residual errors of the previous,

applied to classification in Chapter 3 and regression in Chapter 4.
The following deep learning models were evaluated:

1. Single-layer perceptron (SP) is the simplest neural network architecture, con-
sisting of a single layer of weights and capable of learning only linearly separable

functions, evaluated for classification in Chapter 3.

2. Multilayer perceptron (MLP) consists of multiple fully connected layers capable
of learning non-linear mappings, evaluated for classification in Chapter 3 and

selected as the final model for regression in Chapter 4.

3. Convolutional neural network (CNN) employs convolutional filters to automati-
cally extract hierarchical features, evaluated for classification in Chapter 3 and

selected as the final model.

4. Stochastic deep graph convolutional (SDGC) incorporates graph-based convo-
lution with stochastic regularisation, enabling it to capture relational structure

in data, evaluated for classification in Chapter 3.

Machine learning models often have many parameters (called hyperparameters)
that can be tuned to enhance the model performance and provide better results,
so that the model is generalisable to new data and does not overfit or underfit. In
machine learning, the concepts of overfitting and underfitting describe how well a
model captures the underlying patterns in the data.

Overfitting occurs when a model learns not only the true signal but also the noise
or random fluctuations in the training data, essentially memorising the training data,
resulting in excellent performance on the training set but poor generalisation to

unseen data (e.g. the test set) because it memorised noise instead of general patterns
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[35]. To reduce overfitting and improve the generalisation performance of the model,

the following techniques can be used (these are not in any specific order):

Increase the amount of training data - providing more opportunities to learn
general patterns and relationships in the data, making it less likely to memorise

the training data.

Simplify the model - e.g. by using simpler architectures, reducing the number
of layers in neural networks, or by reducing the number of features used in the

model.

Regularisation - a technique used to simplify and constrain the complexity of
the model and prevent overfitting. These are discussed in detail in the relevant

chapters.

Cross validation (CV) - a technique that splits the training dataset into multiple
subsets (folds) and trains the model on some folds while validating on others,

helping to assess generalisation and reduce overfitting.

Data augmentation - artificially expanding the training dataset, as described

above.

Ensemble methods - the use of ensemble methods combine multiple models to
make predictions, which can often lead to better performance and help prevent

overfitting.

Hyperparameter tuning - the process of adjusting the model’s configuration
parameters (e.g. number of layers) to reduce model complexity and prevent

overfitting.

Dropout - a regularisation technique commonly used in neural networks, where
a random proportion of neurons are temporarily deactivated during training.
This prevents the network from relying too heavily on specific pathways and

encourages the learning of more robust, generalisable features.

Conversely, underfitting arises when a model is too simplistic or constrained

to learn the relevant structure in the data, leading to poor performance on both

training and test sets because it fails to capture the underlying patterns. To prevent

underfitting, the following techniques can be used:

Increase the complexity of the model - e.g. by adding more layers to a neural
network, or increasing the number of features used in the model. This can help

the model to capture more complex patterns and relationships in the data.
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o Collect more data - if the model is underfitting, it may be because there is not

enough data to learn the patterns and relationships in the data.

o Ensemble methods - bagging, boosting, and stacking can be used to improve

the performance of underfitting models.

o Hyperparameter tuning - the process of adjusting the model’s configuration

parameters to improve performance and reduce underfitting.

There are many performance evaluation methods in machine learning to ensure
the model generalises well, and these vary depending on the task [35]. For example,
the evaluation metrics that are relevant to classification tasks may differ to those
used for regression tasks. Therefore, only evaluation metrics that are relevant to
both task types are included here, and more specific detail relevant to the MLCSA
(classification) and the MaLBEC (regression) approaches is provided in Chapters 3
and 4 respectively.

One metric relevant to both classification and regression tasks is the CV score.
The CV score is a widely used technique for assessing the generalisation performance
of machine learning models, and relies on an underlying metric (e.g. accuracy).
The core idea is to split the training dataset into multiple subsets, called folds, and
iteratively train and evaluate the model across these folds. In k-fold CV (Figure 2.11),
the data is divided into k equal folds; the model is trained on k—1 folds and evaluated
on the remaining held-out fold, repeating this process k times so that each fold serves
as the held-out test set once [35]. The CV score is typically reported as the mean
performance across all folds, providing a robust estimate of the predictive capability
of the model. This approach reduces the bias associated with a single train-test split
and supports fair comparison between models. To further assess model behaviour,
it is common to compare the mean CV score on the training folds versus the test
folds. A significantly higher score on the training data relative to the test data
may indicate that the model is overfitting. The CV method can be applied to both
classification and regression tasks, with the choice of scoring metric tailored to the

specific problem, these are explained in Chapters 3 and 4.
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Figure 2.11: A diagram showing the CV score process, showing folds 1 to 5 (k-1 to k-5).
Adapted from [38]

Another metric used in this work to assess both the performance of machine
learning models and the agreement between measured and reference values, was the

percentage difference calculation. This metric is defined as

—-b
% Diff = (“ - ) x 100, (2.15)
where b refers to the reference value and a refers to the value being compared. The
sign of this metric was retained to indicate whether the result was higher (positive)
or lower (negative) than the reference, providing insight into systematic trends such

as over-prediction or under-prediction.

Hyperparameter tuning (step 5)

Hyperparameter tuning/optimisation is the process of selecting the optimal hyper-
parameters for a given model (e.g. number of hidden layers in an ANN). Different
combinations of hyperparameters are tested in training and their performance evalu-
ated using CV and other evaluation metrics as previously discussed, where relevant.
There are several methods for hyperparameter tuning, including grid search, random
search, and Bayesian optimisation. Grid search involves specifying a set of values
for each hyperparameter and trying all possible combinations of these values, which
works best for a small parameter space. Random search involves randomly selecting
hyperparameter values from a predefined range, which works best for a larger param-
eter space and it can help identify regions to specify for a grid search. Details of the
implementation of grid search and random search processes are given in Chapters 3
and 4, where they have been used to develop the MLCSA and the MaLBEC.
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2.3.3 Artificial neural networks

The final machine learning models identified from the selection process were both
from the deep learning category, specifically ANNs; a CNN [39] for the MLCSA in
Chapter 3 and a MLP for the MaLLBEC in Chapter 4. Whilst the MLP consists of
fully connected layers as described in this section, the CNN extends this architecture
by replacing some hidden layers with convolutional layers, which apply learned filters
to extract spatial or local features from the input data. The theory relating to ANNs
that is relevant to both chapters is given here, with specific detail (e.g. CNN and
MLP architecture) in the respective chapters.

Artificial neural networks are computational models inspired by the structure and
function of biological neurons. They consist of layers of interconnected nodes/neurons
(fundamental building blocks/computational units) that process inputs to produce
outputs, and they are capable of learning complex non-linear relationships from data
[39]. Artificial neural networks are widely used in the two task types discussed earlier
(regression and classification).

The architecture of an ANN is organised into three layer types, as illustrated in
Figure 2.12: an input layer, one or more hidden layers, and an output layer. Each
neuron in a given layer receives signals from every neuron in the preceding layer.
These signals are scaled by weights, which are scalar parameters assigned to each
connection between neurons. The weight associated with a connection determines the
strength and direction of influence that one neuron exerts on the next; a large positive
weight amplifies a signal, a large negative weight suppresses it, and a weight near
zero renders the connection negligible. Each neuron computes a weighted sum of its
inputs and adds a bias term before passing the result through a non-linear activation
function. The bias is a learnable parameter associated with each neuron (distinct
from the connection weights) that shifts the activation function, allowing the neuron
to control the threshold at which it activates independently of its inputs. Without
a bias, the neuron’s output would be entirely determined by its inputs, reducing
the model’s flexibility. Like weights, biases are initialised prior to training and
updated iteratively through backpropagation (discussed later). It is the combination
of weights and biases across the network that encodes its learned knowledge of the
network; prior to training, weights are initialised randomly, and it is through the
training process described below that they are iteratively refined to produce accurate

predictions [40].
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Figure 2.12: Schematic of a feedforward ANN with input neurons z; (yellow), hidden
neurons h; (blue) each with an associated bias B, and output neurons yj (pink). Weights
w;; and wjy are shown as representative examples of the scalar parameters that scale the
signal transmitted along each connection between the input-to-hidden and hidden-to-output
layers, respectively

When training ANNs there are a number of critical hyperparameters that must
be considered as they influence final performance. The first is the number of hidden
layers - additional hidden layers enable the network to capture more complex features,
but too many (deep architecture) risk overfitting, especially where there are limited
data. A second architectural hyperparameter is the width of each hidden layer (the
number of neurons per layer). Wider layers increase the model’s capacity to learn
complex features, but excessively wide networks can also overfit and may introduce
unnecessary computational cost. The third is the mini-batch size, which refers to the
number of samples that are processed prior to the model updating its weights, was
tuned to identify the trade off between smaller mini-batches, which have the potential
for better generalisation but slow down the convergence, and larger mini-batches
which enable faster computation but poorer generalisation. The number of epochs
is the fourth parameter, where one epoch is defined as one full pass through the
training dataset. Too few epochs results in underfitting and too many results in
overfitting. There are several additional hyperparameters that required tuning but
beyond the ones discussed here, the hyperparameters are specific to each model and
will be discussed in more detail in Chapters 3 and 4.

The algorithm used to train most ANNs is the backpropagation training algorithm
[35], and is applicable to the MLP and CNN used in this thesis. Backpropagation is

a gradient based optimisation algorithm which trains ANNs by iteratively optimising
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the networks parameters to minimise the prediction error. There are four main stages

to the process, listed below:
1. Forward propagation - the forward pass computes the output of the network.

2. Error evaluation/loss calculation - the output is compared with the known
target using a loss function (specific to the task), which quantifies the difference

between the predicted and actual values.

3. Backwards pass/gradient computation - where the algorithm computes
the gradient of the loss; this process calculates how much each weight in the
neural network contributes to the overall error. This is achieved by using the
chain rule of calculus, which allows the algorithm to systematically trace the
influence of each parameter through the layers of the network. Since neural
networks are composed of multiple layers of interconnected neurons, each with
its own weights and activation functions, the output of one layer becomes the
input to the next. The chain rule enables the decomposition of the total error
into partial derivatives, layer by layer, starting from the output and working
backward toward the input. For each weight, the gradient tells us how a small
change in that weight would affect the loss function. These gradients are
essential for optimisation as they guide the direction and magnitude of the

weight updates during training.

4. Weight update - the weights of the networks are the internal parameters that
control the prediction from the model. These are updated using an optimiser,
which applies the calculated gradients to adjust the weights in a direction that
reduces the loss [35]. Optimisers control how the model learns by determining
the step size and direction of each weight update (where the gradient acts like
a slope on a loss surface, and each step moves the weights downhill toward
lower error), helping the network converge toward a solution that minimises

prediction error.

Details on each of these steps for the CNN and MLP in this thesis (e.g. loss
functions used) are given in Chapters 3 and 4, respectively. This cycle of forward
propagation, error evaluation, backward propagation, and weight adjustment is
repeated across many iterations (epochs), enabling the network to learn complex
patterns in the data. The weights are continually being updated after each mini-batch,
which are then carried forward to the next epoch, so the model is incrementally

improving [35]. As an example of the backpropagation process, consider a full dataset
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to have 1000 samples, with each mini-batch containing 200 samples, and a total of 5

epochs:
1. Epoch 1

(a) Randomly shuffle the data to avoid learning order based patterns.
(b) Split into 5 mini-batches, each 200 samples each.
(¢) For each of the 5 mini-batches:

i. Forward pass
ii. Loss calculation
iii. Backward pass for the gradient calculation

iv. Weight updates (starting from the weights learned in the previous
Epoch)

2. Repeat steps (a)-(c) for each of the 5 epochs.

2.3.4 Summary

This chapter has outlined the theoretical foundations underpinning the experimental
work, covering nuclear fusion environments, y-ray spectrometry principles, and rele-
vant machine learning methodologies. The integration of these domains provides the
basis for the diagnostic techniques and analytical approaches employed in this study.
Here, y-ray spectrometry is presented as a complementary tool for characterising
fusion related materials, while machine learning offers a framework for enhancing
data interpretation. These concepts, including some current applications of machine
learning in fusion diagnostics, form the theoretical context for the work described in

the following chapters.
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Chapter 3

Machine Learning-based Compton
Suppression Algorithm (MLCSA)

3.1 Introduction

3.1.1 Background

The materials commonly used in the construction of fusion machines mean it is
often the case that detecting low-intensity, low-energy ~ rays in the presence of
high-intensity, high-energy ~ rays is required. This poses a problem, as when v rays
interact within a detector they can Compton scatter [13, 26] out of the crystal and
only deposit a fraction of their energy, as discussed in Section 2.2.6. Whilst this
can occur at any energy, the probability of CS relative to PE increases significantly
with y-ray energy [13], meaning high-energy ~ rays are more likely to contribute to
the continuum than low-energy ones. This contributes to a continuum of detected
energies, which extends to the lower energy part of the spectrum [14]. For example,
the presence of 57Co in activated steel from the *Ni(n,np)®>"Co reaction [41] is
indicated by a low-energy 122 keV ~ ray, which may be masked by the Compton
scattering contribution of high-energy ®Co ~ rays of 1173 keV and 1332 keV (from
the %Co(n,y)%Co reaction). The detectability of a photopeak is determined by its
absolute count and by its magnitude relative to the statistical uncertainty of the
background beneath it. If the continuum beneath a 122 keV 5"Co photopeak contains,
for example, several thousand counts per channel, a photopeak of only 300 counts
may fall within the statistical noise of the background, rendering it indistinguishable
from a fluctuation in the continuum rather than a true photopeak.

Figure 3.1 shows an experimental energy spectrum measured by a HPGe detector

alongside example interaction scenarios and their resulting pulse shapes. Figure 3.1A
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Figure 3.1: A) Shows example vy-ray interactions in a HPGe crystal from an incident
v ray, v. In one scenario, ; (blue) is fully photoelectrically absorbed and produces a
full-energy photopeak (blue/dark). In the second scenario «; Compton scatters out (shown
as 7o, black) and contributes to the Compton continuum (green/light), due to a partial
energy deposition from the recoil electron. B) Example pulses from each interaction type.
C) A typical energy spectrum showing Compton scattered and photoelectric events

illustrates two v-ray interaction scenarios within the HPGe crystal: in the first, 7; is
fully photoelectrically absorbed deep within the crystal, depositing its full energy;
in the second, 7; Compton scatters near the front of the crystal and exits as 7o,
depositing only a fraction of its energy via the recoil electron. The position of
the interaction within the detector influences the resulting pulse shape, as shown
in Figure 3.1B. The PE interaction, occurring deeper in the crystal, produces a
pulse with a faster rise time and higher amplitude. In contrast, the CS interaction,
occurring closer to the front of the detector, produces a pulse with a slower initial rise
time and lower amplitude, due to the reduced energy deposition and the position of
the interaction within the crystal. This difference in pulse shape is the basis for pulse
shape discrimination (PSD), a digital Compton suppression technique discussed later
in this chapter. Figure 3.1C shows the resulting energy spectrum, where the Compton
continuum extends across the lower energy region whilst the °Co photopeaks at
1173 keV and 1332 keV are clearly resolved.
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This elevated background from the continuum increases the low-energy MDAs,
which negatively impacts characterisation measurements. The MDA is the lowest
activity of a radionuclide that can be reliably identified above the background
continuum at a given confidence level, and is directly proportional to the square
root of the background count in the energy region of interest [26]. The MDA is
defined fully in Section 3.3.2. For waste disposal, this elevated background could
result in waste being consigned with an inflated activity estimate for radionuclides
that emit low-energy ~ rays, potentially increasing the disposal cost if this leads
to a higher consignment category (Table 2.2) or complexity of consignment (e.g.
low-level waste rather than out of scope). The elevated background could also lead to
radionuclides not being identified, for the case of unexpected radionuclides, such as
those resulting from the activation of unknown impurities in material compositions.
For large scale decommissioning projects like the JDR project at the UKAEA, inflated
activities could mean a significant increase to project costs. For research work, higher
MDAs mean that key nuclides for specific reactions may be difficult to quantify,
limiting their usefulness and compromising research outputs. Therefore, some form
of Compton suppression is imperative to reduce the impact of Compton scattered
v rays, to ensure the most accurate and reliable results. Existing solutions include
both physical and digital solutions, each having advantages and disadvantages. Some

examples are discussed below.

3.1.2 Existing physical solutions

An example of a physical system, meaning something that can be purchased and
installed on a ~y-ray spectrometry detector, is a Compton veto ring (CVe) [42], where
a ring of y-ray spectrometry detectors surround a single HPGe crystal. An example
of such a system is shown in Figure 3.2, which shows the Mirion BEGe [42] detector
with a CVe system, using Nal detectors, located in the RADLab, at the UKAEA site
in Oxfordshire. If a 7 ray is detected in the HPGe crystal and Nal crystal within a
small time window (typically us), the signals are rejected (vetoed) from the spectrum
as a Compton scatter event, therefore not counting towards the final spectrum. The
timing window must be experimentally optimised such that only appropriate signals
are removed. Optimisation of the RADLab CVe was undertaken prior to this work
and therefore the work presented in this thesis assumes the RADLab CVe is fully
optimised.

To provide a comparison between a typical physical solution (the CVe) and the

work developed in this chapter, americium-241 (¥ Am, 59-keV photopeak) and ®Co
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Figure 3.2: A top-down view of the Mirion BEGe coaxial detector used in this work
(black central disk) [42], with the physical Compton suppression system surrounding the
main HPGe crystal

(1173 keV and 1332 keV photopeaks) reference sources were measured using the
RADLab BEGe detector with the Nal CVe. The two sources were measured at
the same time (representing a mixed v source), 10 cm from the end cap for 300 s.
The resulting spectrum is shown in Figure 3.3, which shows the spectrum with and
without the CVe system in use. This shows that the Compton background on an
1 Am and %°Co spectrum was reduced on average (between 200 keV and 400 keV)
by ~ 88%, but this also reduced the %°Co photopeaks by ~ 77% and reduced the
21 Am photopeak by 18% (based on Equation 2.15 in Section 3.3.2, peak height
reduction as a percentage for energy regions of interest, discussed in Section 3.3.2).
This false reduction in the photopeaks has been seen in previous commissioning
work for the RADLab CVe [6]. These results are included in Table 3.5, and will
be used in benchmarking work in later sections. This false reduction likely arises
due to coincidence summing; radionuclides such as %°Co emit 7 rays in cascade,
where two 7 rays are emitted in rapid succession following a single decay. When
both ~ rays interact within the main detector and a surrounding detector within
the resolving time of the CVe system, the second interaction can be incorrectly
identified as a Compton scatter event and vetoed, resulting in a false suppression of
true photopeak counts [6]. This directly affects the activity (Section 2.2.8) results for
these photopeaks, underestimating the activity. The physical Compton suppression
system is bulky, expensive, and is not easily re-configurable for multiple detector

types. These factors greatly limit its usefulness in a radiometric laboratory, which
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Figure 3.3: A ~-ray spectrum of 2! Am and %°Co sources on the BEGe HPGe detector,
where the spectrum in black is the original spectrum without the CVe system in use, and
the red is the spectrum with the CVe system in use. The top shows the full spectrum and
the bottom is zoomed along the vertical axis

typically has several v-ray spectrometry detectors, and could limit any potential

broader applications of the equipment which might value portability.

3.1.3 Existing digital solutions

An alternative technique to reducing the Compton continuum is to use digital
methods. These offer greater flexibility in laboratories where there are multiple y-ray
spectrometry detectors, and for field measurements, as they do not require expensive
and bulky physical hardware.

The first example of a digital solution is the Digital Compton Suppression
Algorithm (DCSA) [28], which uses the method of PSD. The PSD method uses the
theory of charge collection in a detector (see Section 2.2.4) and determines the origin
of a pulse using features of the pulse shape, such as pulse height and rise time, as
discussed in Section 3.1.1. The rise time of the preamplified pulse is the total time
for all charge carriers to be collected from an interaction, counted as the region from
10% to 90% of the maximum pulse height. The region of 10% to 90% is used to
reduce noise effects at the extreme ends and due to difficulties determining the 0%

region. Low-energy v rays are more likely to undergo PE (see Section 2.2.6) close to
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the surface of the detector. In geometries where the charge-collection electrode is
located at the base (as with the BEGe, which is discussed in detail in [28]), these
surface interactions can result in a long charge collection time in the HPGe as the
charge carriers (which in the p-type BEGe are the holes) drift further through the
crystal to the collection anode. In contrast, high-energy v rays more readily pass
through the detector, and are more likely deposit their energy further inside the bulk
of the crystal. Where high-energy v rays Compton scatter within the bulk of the
crystal with only partial energy deposition, the resulting pulses will have shorter rise
time of the generated electrical pulse but a smaller pulse height. Here, the pulse
height might appear as the result of a low-energy deposition, but the fast rise time
can link it to a high-energy ~ rays. Figure 3.4 used data following post processing,
which shows the rise times of an example source dataset (comprising five individual
sources), including the highest energy photopeak from each source and all scatter
rise times, where it can be seen that only the lowest energy (59 keV 21Am) ~ ray
has rise times above 400 ns. As 2! Am 59 keV v rays typically interact at or very
near the surface of the detector due to their limited penetration depth, they would
be expected to produce broadly similar rise times. However, a wide spread of rise
times is observed, which is attributed to noise in the low-amplitude 59 keV signals.
The determination of 10% and 90% thresholds becomes unreliable for such noisy

signals as previously discussed, artificially broadening the observed distribution.
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Figure 3.4: A plot showing the rise time for each of five radionuclides, including the rise
time of the scatter pulses. The energies for the radionuclides include the highest energy
photopeaks only, which are: 59 keV ?4'Am, 383 keV '33Ba, 661 keV 137Cs, 834 keV **Mn,
1332 keV %°Co, and all associated scatters. This plot shows that low-energy (e.g. 24'Am)
~s have the longest rise time compared to higher-energies (such as °Co)
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The application of the DCSA [28] utilises a «y ray pulse rise time cutoff to preserve
low-energy pulses corresponding to PE, while removing pulses contributing to the
Compton continuum. An example of the type of results this algorithm may produce
is shown in Figure 3.5. It should be noted that this was created using a simple
rise time cutoff which was not extensively modelled, where the value was chosen
to demonstrate how the cutoff works, since the actual spectrum from [28] was not
available. Figure 3.5 shows that the method is effective in preserving the data for
low-energy photopeaks, but fully removes pulses from high-energy ~ rays, resulting
in a significant loss of data on any of the higher energies. While this may have
some applications where only the low-energy 7 rays are of importance (e.g. in
some research applications), the method requires extensive detector modelling [28]
to determine the optimal rise time cutoff which is non-trivial, is not practical for

preserving a broad range of energies, or for deploying to multiple types of detectors.
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Figure 3.5: Kevin Tree [28] example results on a >*!Am and %°Co spectrum, with before
(black) and after (green) the application of the DCSA. This is not the actual data from
[28], but a representation using a similar technique for illustration purposes

A second digital technique is the use of machine learning-based algorithms for PSD.
Examples of this include 7 particle tracking [43] and a-vy pulse shape analysis [44].
However, distinguishing a pulse generated by a Compton-scattered ~ ray from a pulse
due to a photoelectric interaction as a form of y-y PSD for Compton suppression in
HPGe detectors has not been undertaken in the literature and is therefore the focus

of this chapter.
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3.1.4 Research aims

It has been identified through Chapter 2 and through exploring existing solutions
in Section 3.1, that there is a requirement for an enhanced digital solution to the
Compton continuum background problem. To this end, the work in this chapter
explores the application of machine learning models for y-y PSD, comparing the
effectiveness of many different models and includes the work on experimental data
preparation. This work was in preparation for the creation of a novel machine
learning-based algorithm, the MLCSA, which is compared to the existing solutions,
to support the evaluation and validation process.

The research questions this chapter aims to address are:

1. Can the background from the Compton continuum typically found in the
low-energy part of a spectrum from 7-ray spectrometry be reduced digitally,

using state-of-the-art machine learning techniques?

2. Can the machine learning technique be implemented while preserving higher

energy photopeaks and not rely on any detector modelling?

3. Can the techniques produced in this work be used in real-world applications?

3.2 Methods

Through step one of the model selection process in Section 2.3.2 and Figure 2.10, this
work was identified as a classification task, as the machine learning models review each
pulse and classify them as either a pulse from a PE event (to keep) or a pulse from a
Compton scatter event (to discard). The training method for these machine learning
models was supervised, as the training data could be pre-labelled as either photopeak
or scatter, based on the pre-processed pulse heights. The final model used in the
MLCSA comprises a CNN, which performs Compton suppression on pre-amplified
pulses to reduce the Compton continuum, while preserving higher-energy photopeaks
and not relying on any detector modelling or any additional (often expensive)
hardware. The MLCSA is part of a signal processing workflow that comprises
four components, as shown in Figure 3.6: detector (energy deposition and pre-
amplification), digitiser (signal/pulse processing), MLCSA, and Compton-suppressed
spectrum (results). The methodology, refinement, and benchmarking/validation for

each are described in the following sections.
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Figure 3.6: Digital Compton suppression flow diagram showing the four components,
including the MLCSA [45]

3.2.1 Data collection

Step two of the the model selection process in Section 2.3.2 and Figure 2.10 is the

data collection and exploration step, which is discussed in the sections below.

Detector

The high-resolution, HPGe detector used to gather data was the Mirion BEGe
detector [42], shown in Figure 3.2. The technical information and specifications for

this detector are in Appendix A.1.

Experimental data

Two datasets were collected. The first, called the ‘individual source’ dataset, com-
prised pulses from five single nuclide calibration sources (***!Am, ®Co, barium-133
(133Ba), ¥7Cs, and **Mn) individually measured and counted for 300 s. All sources
except for ®*Mn were positioned 10 cm from the end cap to reduce coincidence
summing effects, where two ~ rays enter the detector almost simultaneously [13].
The **Mn source was placed at 0 cm due to its lower activity. The individual source
dataset was later split into two subsets, a training dataset and testing dataset -
details of this are discussed later.

The second dataset, called the ‘combined source’ dataset, consisted of pulses
from two calibration sources that were measured on the detector simultaneously
(59 keV from **' Am and 1173 keV and 1332 keV from %°Co). The combined source
dataset simulates a realistic sample, one which might be seen in a standard laboratory
measurement of a mixed v-ray sample and is used as a validation dataset. It reflects
conditions typical of radioactive waste, where radionuclides emitting higher-energy

~ rays are present alongside those emitting lower-energy v rays. The Am-241 and
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Co-60 radionuclides were deliberately chosen as representative extremes in energy
to serve as a proof of concept for the model’s ability to distinguish between mixed

sources.

3.2.2 Digital pulse collection and processing

The pre-amplified pulses, referred to as ‘raw’ pulses, were collected and processed
by a Red Pitaya digitiser (the STEMlab 125-14 [46], Figure 3.7). Examples of raw
pulses are shown in step A of Figure 3.8. A simple voltage threshold trigger on the
rising edge of the preamplifier signal was used, determined experimentally so that
the full energy range of the calibration sources was visible on the spectrum; the
corresponding settings are provided in Appendix A.2. This type of leading edge
triggering can introduce amplitude dependent time walk in HPGe systems, though

this does not affect the extracted pulse height.

Figure 3.7: Image of the Red Pitaya digitiser, connected with power, Ethernet port to
the laptop, and the detector cable

The raw pulses could not be used directly to train the machine learning models as
the algorithms could use features such as pulse height (which is directly proportional
to the energy) to characterise pulses in a way that would lead to overfitting. Therefore,
measured raw pulses were modified so that the machine learning models could be
trained purely on the shape of the pulses. A pulse processing pipeline (as per step
three of the model selection process in Section 2.3.2 and Figure 2.10) with steps A to
G, shown in Figure 3.8, was created and included filtering, labelling, transformations,
and regularisation techniques to reduce overfitting. Figure 3.8 shows example *Mn
pulses at each stage of the pipeline, and is referred to and discussed throughout the
following sections. The figure shows that the difference between fast and slow rise
times in pulses can be differentiated clearly. Some parts of the processing pipeline
were not applied to the combined source dataset (greyed out steps in Figure 3.8) and

this is discussed in the applicable sections below.
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Figure 3.8: The pulse processing pipeline [45], is described in detail in the main text.
The greyed out steps are not used when applying this process to the combined dataset.
The plots show example pulses at each stage from the **Mn source, corresponding to steps
A to F. Step G, rebalancing data step, is not included as a plot

Pipeline step A: Raw data and B: Voltage filter

The pipeline starts by importing raw data from the red Pitaya (step A), and then
removing pulses that exceed the maximum voltage of the digitiser and those below a

pre-determined noise level (step B).

Pipeline step C: Split & label

The individual source dataset’s pulses were then split into scatter and photopeak
categories and labelled accordingly (based on the pulse height/energy). For the
photopeak categories, only the highest energy photopeak pulses from each nuclide were
labelled as photopeaks, removing the lower-energy photopeaks to ensure no Compton
scatter pulses from the higher-energies were incorrectly labelled as photopeaks. This

was achieved by defining an energy window around the highest-energy photopeak for
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each nuclide; pulses falling within this window were labelled as photopeak events,
while all pulses below the lower bound of this window were labelled as scatter events.
Pulses in the energy ranges corresponding to lower-energy photopeaks were excluded
entirely from the dataset. The scatter category for higher-energy sources such as
%0Co (1332 keV) spans a broad continuum of energies down to the noise threshold,
whereas the scatter distribution for **Ba (383 keV) is comparatively narrow due to
the limited Compton scatter range at lower energies. The v energies used from the

dataset following this step were:

e 59 keV 2! Am photopeak,
« 383 keV !33Ba photopeak,
e 661 keV 37Cs photopeak,
¢ 834 keV *Mn photopeak,
e 1332 keV %9Co photopeak,

« and all associated scatters.

The resulting spectra from this step, using the pulse heights to plot the energy, for
the %°Co source (as an example) is shown in Figure 3.9. This step was not applied to
the combined source dataset because that information cannot be known for a mixed

y-ray source.

Pipeline step D: Normalise

Pulses were then normalised between 0 and 1 to remove pulse height information,
as these could be memorised by the machine learning models which would lead to

overfitting and poor generalisation.

Pipeline step E: Translate

The pulses for the individual source dataset were then randomly translated along
the time axis to prevent the machine learning model memorising the time of the
pulses. On average, for example, 2! Am pulses tend to exhibit a later rise onset
within the recorded trace relative to ®®Co pulses - that is, the pulse rise begins
later relative to t=0 of the trace. This occurs because 59 keV v rays from 2*'!Am
interact preferentially near the surface of the detector, resulting in a longer initial

charge carrier drift distance to the collection point and therefore a delayed rise
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Figure 3.9: A) An example spectrum of the 5°Co source prior to splitting and labelling
(step C). B) The %0Co spectrum following step C of the pipeline, showing the scatter part
of the spectrum in blue and the photopeak in green, noting that the lower energy 5°Co
photopeak has been removed

onset. This difference in trigger times relates to the variation in how the signal forms
(charge collection) and pulse rise times caused by the interaction depth and energy
of the incident ~ rays. Random translation is an example of data augmentation and
increases the generalisability of the model. The minimum and maximum time (x-axis)
was chosen to be -240 ns and +560 ns, respectively, to ensure the preservation of
the bulk of the pulses (ensuring the full rise was kept) when they are translated
to the extreme values. The start position of each pulse was changed by a random
translation amount. This step was not applied to the combined source dataset as it
is unnecessary due to the way the machine learning models are trained with data

augmentation, aiming to cover many possibilities of ‘natural” translation.

Pipeline step F: Add noise

Gaussian noise was then added so that every pulse had the same standardised

signal-to-noise ratio, irrespective of its energy. The results of this step can be seen
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in Figure 3.8. This was added as it was noted that lower energy pulses had a
higher relative noise level, whereas the pulses from higher energies were significantly
smoother. The amplitude of baseline electronic noise is independent of pulse height,
the peak-to-peak noise has a fixed value regardless of the signal amplitude. However,
following normalisation in step D, pulses from low-energy depositions have a larger
noise component relative to the signal height, resulting in an energy dependent signal-
to-noise ratio. The noise is primarily electronic in origin, with a secondary smaller
contribution from statistical variation in charge carrier production, characterised
by the Fano factor [27]. As this noise, after normalisation, is related to the pulse
height, the noise level still indirectly contained the height information even though
the pulses were normalised in amplitude. This enables the machine learning models
to memorise and overfit by energy. Hence it was determined that the noise level
should be standardised to increase generalisation to all energies. This relative noise
is a problem since the suite of radionuclides (and therefore y-ray energies) available
to characterise the photopeak pulses is limited to a few discrete energies, rather than
a continuous range of energies. This step was not included in the initial pipeline that
was used for the training of the 12 machine learning models in Section 3.2.3, and
was added to the pipeline during the hyperparameter tuning stage of the final model
to improve physical realism - this is discussed later in Section 3.3.1.

To implement the addition of Gaussian noise, the standard deviation of the first
240 ns of the 50 noisiest ?' Am pulses (the 59 keV 7 line) was evaluated in post
processing (to obtain oiaeeet) as this captures the maximum expected variability in
noise that may be encountered in all pulses. The ?*! Am radionuclide was chosen as the
lowest energy and therefore has the poorest signal-to-noise ratio after normalisation,
and SO Oiarget Was calculated as 0.06. The time window, ¢, of 240 ns (from 0 ns to
240 ns) was chosen as this is the part before the rise begins, to ensure that just the

baseline fluctuations were considered.

o= Jtzm — )y, (3.1)

where z; are the pulse height data points, ¢ is the number of pulse height samples

(which is the time window; 240 ns), and the mean () is

1 t
p= > (3.2)
i=1

For any pulse whose current standard deviation (Geyrrens) in the same time window

of 240 ns was below argeet, additional Gaussian noise was generated by
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— 2 2
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The final pulse was then obtained by adding random Gaussian noise with a standard

deviation oy to all bins of the full original pulse, i.e.

final pulse = original pulse + opoise. (3.4)

Here, 0,0 18 not a constant offset but the standard deviation of the Gaussian
distribution from which random noise samples are drawn. These samples are added
independently to each bin of the pulse, ensuring the variability in the first 240 ns
matches the target while noise is applied across the full pulse. Pulses already
exceeding Otarger Were left unchanged. This ensures that all pulses have a consistent
minimum noise level, reducing the likelihood that the machine learning models will

overfit based on noise.

Pipeline step G: Rebalance data

Finally, the number of events in the photopeak and scatter categories were standard-
ised (referred to as the rebalance step in Figure 3.8) for the individual source dataset.
This approach is adopted because in a typical y-ray measurement, the number of
scattered pulses generally exceeds the number of photopeak pulses, which could lead
to the machine learning models having more information about the scatter pulses
(class imbalance). Class imbalance can cause models to favour the majority class,
learning scatter features in detail while under representing the photopeak class, which
can shift the decision boundary to the minority class and lead to misclassification
of photopeak pulses. Therefore, the same number of photopeak pulses and scatter
pulses were provided by down-sampling the number of scatter pulses from the highest
energy source (°Co). Table 3.1 summarises the number of photopeak and scatter
pulses retained from each source following this rebalancing step. The 2! Am scatter
pulses were excluded from the dataset, as the limited Compton scatter range at
59 keV results in very few scatter events, and their inclusion risked confusion with the
lower-energy 24! Am photopeaks. It should be noted that this rebalancing approach
may introduce a bias, since the scatter pulses retained for each source span a different
range of energies depending on the photopeak energy of that source, for example,
the scatter continuum for %°Co extends over a much broader energy range than that
for 133Ba (383 keV), meaning the rebalanced dataset does not represent a uniform
distribution of scatter energies across sources. This step was not applied to the

combined source dataset as this information is not possible to know because the data
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originate from a mixed source hence the number of each type of are present is an

unknown.

Table 3.1: A table showing the number of photopeak and scatter pulses retained per
source following pipeline step G

Source Photopeak pulses Scatter pulses Scatter pulses retained
2 Am (59 keV) 73,239 0 0
135Ba (383 keV) 895 7,121 7,121
137Cs (661 keV) 5,285 22,410 22,410
5IMn (834 keV) 10,582 28,240 28,240
0Co (1332 keV) 4,050 64,292 36,280
Total 94,051 122,063 94,051

Pulse processing pipeline summary

After processing, the individual source dataset consisted of 188,102 pulses from
five radionuclides. Following processing through the pipeline, the individual source
dataset was divided (using ‘train test split’ from sklearn), as is common in machine
learning, into a training set (80%, 150,482 pulses) and a testing set (20%, 37,620
pulses). The split was taken from the photopeak data and scatter data separately,
so that the final 80/20 split contained an equal number of scatter and photopeak
pulses. The final pulses following this process are what is provided to the machine

learning models, in .CSV format.

3.2.3 Machine learning model selection

Once the individual source data were collected, processed through the pipeline, and
split into training and testing data, they were ready to use with various machine
learning algorithms to identify the most suitable model for use within the MLCSA
(as per step four of the model selection process in Section 2.3.2 and Figure 2.10).
As part of this process, 12 machine learning algorithms were chosen, based on their
applicability for classification tasks. The 12 models chosen were split into traditional
methods (DT, GaussianNB, LR, LinearSV, SVM, KNN, RF, and XGB) and deep
learning methods (SP, MLP, CNN, and SDGC). More details are provided on each
of these in step four in Section 2.3.2.

While Recurrent Neural Networks [35] could have been considered given that
pulses have an inherent sequential nature, they were not evaluated here as the pulse
data was treated as a complete snapshot in time rather than a temporal sequence.

This approach captures the full pulse shape as a single feature representation,

o7



3.2 Methods

making convolutional-based feature extraction more appropriate than sequential
modelling. The CNN, which was selected as the final model, is well suited to

extracting discriminative features from such fixed length pulse waveforms.

Machine learning model evaluation

The 12 machine learning models were trained without hyperparameter tuning at this
stage for simplicity and speed (default parameters were used), and then evaluated
based on the following metrics [47]: accuracy, precision, recall, Fl-score, and CV
score. In all metrics, the photopeak category is the positive value and the scatter is
the negative.

Accuracy is a measure of how often the machine learning model is correct,
calculated as the ratio of correct classifications to the total number of classifications,

defined as
TP +TN

N bl

p

Accuracy = (3.5)

where T'P is true positives, T'N is true negatives, and N, is the total number of
predictions [35].
Precision measures the proportion of true positive predictions among all positive

predictions defined as
TP

Precision = ————— 3.6
recision = o s (3.6)
where F'P is false positives [35].

Recall (or sensitivity), also called true positive rate (TPR), measures the propor-

tion of true positive predictions among all actual positive cases, defined as

TP

where F'N is false negatives [35].
The Fl-score provides a balanced measure that combines precision and recall
into a single metric [35].
2 - Precision - Recall

F1- = ) )
seore Precision + Recall (3.8)

The final metric is the CV score, using 10 folds, which is detailed in Section 2.3.2.
The CV score is computed using accuracy as the underlying metric, representing the
mean classification accuracy across all 10 folds. The CV score is the most useful

metric as it provides an all round indication of performance.
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3.2 Methods

All of these metrics were applied to the training and testing data for each model
to test for generalisability and to check for overfitting, as discussed in Section 2.3.2.
The purpose of these tests is to identify the best performing model out of the initial
12 to develop further and validate. The results for the metrics for all 12 models are
shown in Table 3.2.

Table 3.2: Performance metrics for various machine learning models. The models with
the highest CV values have been highlighted. Acc = Accuracy, Prec = Precision, Rec =
Recall, F1 = F1-score

Model Training Testing oV
Acc  Prec Rec F1 ~ Acc Prec Rec Fl
RF 100.0 100.0 100.0 100.0 93.4 91.2 96.4 93.7 93.1
SGDC 88.5 874 89.8 88.6 8.7 87.2 91.5 89.3 86.7
DT 100.0 100.0 100.0 100.0 89.4 90.4 88.9 89.6 &89.3
KNN 82.1 90.1 721 80.1 79.2 883 686 T77.2 795
LinearSV 88.2 879 88.7 88.3 883 87.5 90.1 88.8 8&88.0
MLP 92.1 88.7 96.5 925 92.1 889 96.8 92.7 91.3
SVM 86.8 885 844 86.4 86.6 879 857 86.8 86.7
GaussianNB  50.6  90.8 1.2 23 49.0 909 0.8 1.5 50.7
LR 88.5 882 889 885 8.7 87.8 90.6 89.1 &88.3
SP 84.9 914 771 836 851 90.6 79.2 84.5 815
XGB 100.0 100.0 100.0 100.0 93.4 91.1 96.5 93.7 93.3
CNN 929 889 979 932 92.7 887 985 93.3 926

The machine learning models with the highest CV score (highlighted pink in
Table 3.2) were: XGB (93.3%), RF (93.1%), and CNN (92.6%). The XGB and RF
are conceptually similar, as decision tree-based ensemble methods, but they differ in
how they build trees. The RF uses bagging (parallel trees), while XGB uses boosting
(sequential trees, where each tree corrects errors of the previous ones [35]). Both were
included in the initial evaluation to benchmark performance and ensure robustness,
and the XGB model offered only a marginal advantage over the RF. The RF and
XGB models had an accuracy, precision, recall, and Fl-score of 100% on the training
data (from Table 3.2), but when compared to the test data there was a difference of
around 7%. This pattern of the training data having a perfect score, and a lower score
for the test data indicates that the model is likely overfitting and simply memorising
the data, meaning when new, unseen data is presented, the models are not able to
generalise as well. Therefore, despite appearing to perform well, those models have

not been deemed suitable for use in this work. With hyperparameter tuning the
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model may perform better and be less likely to overfit, but as other models worked
well those were pursued instead.

The CNN came third in CV performance in Table 3.2 and was shown to perform
well (pre-tuning), with minimal overfitting and a great generalisability to new, unseen

data. Therefore, the CNN was chosen as the final model for further development.

3.2.4 CNN theory

Convolutional neural networks are designed for handling structured grid-like data.
They are typically used in fields such as object recognition, image classification, and
image segmentation, as they excel at feature extraction and pattern recognition.
There are different types of CNNs, such as 2D CNNs which are commonly used for
image recognition and 1D which are used for input data that is a time series - this work
focuses on 1D CNNs as they suit the pulse data. The foundations of convolutional
neural networks were established by [48], who introduced the LeNet architecture for
handwritten digit recognition, demonstrating that learnable convolutional filters could
automatically extract spatial features from raw input data. A significant milestone
in CNN development was the introduction of AlexNet by [49], which demonstrated
the capability of deep CNNs on large scale image classification tasks. The AlexNet
architecture, illustrated in Figure 3.10, comprises multiple convolutional and pooling
layers followed by fully connected layers, establishing the deep hierarchical structure
that underpins modern CNN design. Since these foundational works, CNNs have
been widely adopted across numerous domains beyond image recognition, including

time-series classification and signal processing tasks.

162 128 2048 204p \dense
13 \ 13
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pooling pooling

Figure 3.10: The AlexNet architecture [49], illustrating the deep hierarchical structure of
convolutional and pooling layers followed by fully connected layers

The CNNs consist of multiple hidden layers, where each layer performs specific

operations to extract and learn useful features from the input data. The backpropa-
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gation method, as discussed in Section 2.3.3, is used during training within CNNs.

The layers include:

« Convolutional layers - these use learnable filters to scan and identify local
features, resulting in a set of feature maps that highlight different aspects of
the input. Each convolutional layer is typically followed by a rectified linear
unit (ReLU) activation function layer, which enables the network to capture

complex relationships beyond simple linear mappings.

« Pooling layers - these occur after each convolutional layer, and these reduce
spatial dimensions (e.g. simplify by summarising regions of feature maps).
Pooling layers also reduce complexity while retaining the most important
information, such as extracting the key features, enhancing computational

efficiency and maintaining feature robustness [35].

o Flatten layer - this is where the output of the last convolutional and pooling

layers is flattened into a 1-dimensional vector.

o Fully connected layers - these are fed the vector from the flatten layers, which
then act as a traditional neural network. The fully connected layers learn to map
the extracted features to the binary classification task. The last fully connected
layer typically uses a sigmoid activation function to produce a probability value
between 0 and 1, representing the likelihood of belonging to one of the classes.
A threshold then needs to be selected (through hyperparameter tuning), and
applied to determine the threshold for when a pulse should be classified as a
photopeak or a scatter. The threshold defines the trade-off between precision

and recall.

Uncertainty estimation was not addressed in this work; instead, the CNN’s
performance was assessed using conventional metrics such as accuracy and loss, as

discussed.

CNN hyperparameter tuning

Prior to the CNN being ready for use, further hyperparameter tuning and validating
was required, as per step five of the machine learning process in Section 2.3.2 and
Figure 2.10. Details on what hyperparameter tuning is and the methods to do
this are discussed in Section 2.3.2. Random search was chosen due to the large
hyperparameter space to find the best values for each [35]. All other parameters use

the defaults, such as kernel size for the convolutional layers, where the default kernel
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size is 3 x 1 as provided by the keras library. The hyperparameters tuned for the

CNN and their respective search ranges, were:

1. Network architecture — variations in the number of convolutional layers,
filter sizes, and fully connected layers were tested to balance feature extraction
and model complexity.

Search range:

« Convolutional layers: [1, 2, 3]
o Filters per layer: [16, 32, 64, 128]

o Fully connected layer neurons: [32, 64, 128]
These ranges were selected to cover typical values used.

2. Batch/mini-batch size — controls the number of samples processed before
the model updates its weights. Larger batches can improve computational
efficiency but may require more memory and risk poorer generalisation, while
smaller batches can lead to more stable updates but slower training.

Search range: [32, 64, 128, 256]. These were chosen to balance memory

constraints and training stability.

3. Number of epochs — determines how many times the entire training dataset
is passed through the network. Too few epochs can lead to underfitting, while
too many can cause overfitting.

Search range: [10, 20, 30, 40, 50]. These were selected to allow sufficient

training without excessive computation.

4. Threshold — the decision boundary for classifying outputs in binary classifica-
tion. A threshold too low or too high can skew predictions toward one class.
Search range: [0.3, 0.4, 0.5, 0.6, 0.7]. These values were tested to optimise

classification performance.

5. Number of filters — controls the depth of feature maps in convolutional layers.
More filters allow learning richer representations but increase complexity and
risk overfitting.

Search range: [16, 32, 64, 128]. These were selected to balance feature

extraction and computational cost.

Each set of hyperparameters were evaluated by checking the effect on the CNN

performance, using common methods described earlier such as accuracy, precision,
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recall, and CV score (accuracy) [35, 36]. These evaluation methods all compare
the known labels of the pulses to the model predicted labels and are recorded as
a percentage. Two more evaluation metrics were used at this stage, the confusion
matrix and the receiver operating characteristic (ROC) curve. A confusion matrix is
a grid that compares the model’s predicted labels against the true labels on the test
data. The results for the confusion matrix for the CNN are in Section 3.3.1.

A ROC curve is plotted by varying the classification threshold used to convert
predicted probabilities into class labels. For each threshold, the TPR (recall), and
false positive rate (FPR, the proportion of negatives incorrectly classified as positives)
are calculated. These values are then plotted with FPR on the x-axis and TPR on
the y-axis, and connecting the points across all thresholds produces the ROC curve.
Classifiers that give curves closer to the top-left corner indicate better performance,
while a random classifier is expected to give points lying along the diagonal (where
FPR = TPR). An extension of this metric is the area under the ROC curve (AUC-
ROC), which quantifies the overall performance as a single quantitative measure. The
AUC quantifies a classifier’s ability to distinguish between classes, with values closer
to 1 indicating stronger separation of positives and negatives: a perfect classifier
achieves AUC = 1, whereas a random classifier yields AUC = 0.5. The results for
the ROC curve for the CNN are in Section 3.3.1.

The tuning and evaluation process was repeated until there were no further
improvements to the evaluation results (results didn’t increase in value), and at that
point the CNN was concluded to have reached close to peak performance. The final
CNN architecture used in this work is a basic one-dimensional (1D) CNN [50], which
is suitable for processing 1D sequences, such as time series data [35]. The model is
designed for binary classification tasks, with one output of a probability between 0
and 1 (due to the sigmoid activation function), and a threshold is set to determine
what the classification should be. The CNN model was trained in a CPU computing
environment and used the Adam optimiser (the default in keras) and a binary cross-
entropy loss function (default). The architecture was implemented through standard
sklearn and keras Python libraries. Figure 3.11 shows an illustration of what the
architecture layers look like, and this is described in the list below, with the other

final hyperparameters:
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o Final CNN architecture layers:
— Input layer (size (200, 1))
— Convolutional layer (32 filters, ReLU activation)

— Max pool layer (pool size 2)

— Second convolutional layer (64 filters, ReLu activation)

Second max pool layer (pool size 2)

Flatten layer

— Fully connected layer (64 neurons, ReLU activation)

Output layer (1 neuron, sigmoid activation).
« Batch size of 128

» 30 epochs

o Threshold value of 0.5.

ConviD | Max ConviD Max
— IR pool E=d RelU pool

Elatten Eully connected
o 200 400 600 800 1000 |20() 1400 1600

@ >0.5 = Peak

\ J
| |

Input, (200,1) Feature extraction ClaSS|f|cat|on Output

Potential

Figure 3.11: A simplified diagram of the CNN architecture used in the MLCSA. The
diagram shows the progression from the input layer through convolutional and pooling
layers, followed by flattening and fully connected layers, and ending with a single sigmoid
output neuron that outputs a probability for binary classification, using a threshold of 0.5

CNN validation process

For validation of the trained CNN, as per step six, validation, from Section 2.3.2 and
Figure 2.10, the trained CNN was incorporated into the digital machine learning
Compton suppression flow process (Figure 3.6) as the MLCSA step. The processed
pulses for the combined source dataset were passed to the MLCSA, where the output
comprised pulses with predicted labels of photopeaks (1) or scatter (0). The pulses
classified as scatter pulses are removed as part of the spectrum step in Figure 3.6,
where the output is a spectrum from only pulses classed as photopeaks. The results

from the combined source dataset are discussed in Section 3.3.2.
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3.3 Results

3.3.1 Individual source, test dataset results
Confusion matrix

The confusion matrix for the final model, corresponding to the test data, is shown in
Figure 3.12. The matrix shows that the model correctly predicts 74% of the scatters
and 88% of the photopeaks, and misclassified 26% of scatters as photopeaks and
12% of photopeaks as scatters. While the model performs well, the photopeaks are
more accurately classified than the scatters, which infers that the features used to
identify the scatters may be less distinctive or may overlap with the photopeaks in
the inputs. While this does highlight minor confusion between the two categories,
this is expected as higher energy scatters are likely to be similar to high-energy
photopeaks (as explained in Section 3.1.3). The misclassification percentages are
only a small percentage, therefore, the results of the confusion matrix indicate that
the model performs as intended, as preserving the photopeaks is a high priority to
retain crucial spectral data, which the model achieves with a low misclassification
(12%) of photopeak pulses.

(92]

o True label

S P
Predicted label

Figure 3.12: Confusion matrix for the pulses from the test dataset (37,620 pulses), where
S is scatter and P is photopeak. The values represent percentages of the total number of
pulses and the the rows represent the true label and the columns represent the predicted
labels [45]. A perfect model would have non-zero values on the top left and bottom right
only
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The ROC

The ROC curve for the final model is shown in Figure 3.13. The ROC curve for
the CNN in this work shows a good classification rate, with an AUC value of 0.92,
suggesting the CNN is effective at distinguishing between photopeak and scatter
events. The ROC curve complements the results from the confusion matrix, providing

additional quantitative evidence of the CNN’s strong classification performance.
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Figure 3.13: The ROC curve for the CNN, which shows the TPR and FPR for the test
data. A random classifier is expected to give points lying along the diagonal (FPR = TPR)

Accuracy, precision, recall, F1-score

The evaluation results are shown in Table 3.3, which shows that the CNN performed
strongly across the training and test data, with all evaluation metrics greater than
70%. The high CV score on the training data (this is not applied to the test data,
as standard) indicated that the model generalises well to new data, as it performed
well across the 10 different folds, and so is not likely to over-fit on new data. The
model correctly identifies the vast majority of true photopeak events (high recall)
while keeping the proportion of incorrectly classified scatter events low (precision).
The results were similar for the training and test data, with the greatest difference
being 3.5%, further illustrating good generalisation. This balance demonstrates that
the CNN model effectively prioritises the retention of photopeaks while still filtering

out the scatter pulses.
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Table 3.3: Evaluation results of the trained CNN (trained with data from 5 nuclides) on
the 80% training and 20% test dataset. All values are given as percentages [45]

Data  Accuracy Precision Recall CV score

Training 82.2 75.4 95.6 84.5
Test 78.7 72.5 92.4 N/A

The results in Table 3.3 show a decrease in the CNN performance relative
to Table 3.2, following hyperparameter tuning. This decrease can be attributed
to the additional data processing step (step F in Figure 3.8), introduced during
hyperparameter tuning to account for the observed correlation between noise level and
pulse height. Full details on the requirement for this step is discussed in Section 3.2.2.
This step was not retrospectively applied to the other models as the primary aim of
this chapter was to develop and optimise a single algorithm for scatter reduction,
rather than to perform a fully standardised comparison across all models. Although
it is likely that all models would have experienced a similar reduction in performance
under the same conditions, this does not affect the validity of the results because the
initial benchmarking served only to identify the most promising model, which was

then refined under the most realistic conditions.

3.3.2 Combined source dataset results

The CNN was used in the MLCSA with the combined source dataset for validation,
comprising **' Am (59 keV) and %°Co (1173 keV, and 1332 keV) sources simultaneously
positioned 10 cm away from the detector. The data were collected and processed
through the digital Compton suppression flow from Figure 3.6, which included the
second pulse processing pipeline without the greyed out processes from Figure 3.8.
The result of the MLCSA is shown in Figure 3.14, showing the before and after
spectra.

There were three metrics used to quantify and evaluate the Compton suppression
performance of the MLCSA on the combined source spectrum, which are described
below. The three metrics were also applied to the physical CVe system from
Section 3.1.2, to provide a robust comparison to an existing system, and to further
validate the MLCSA. The spectra used were collected using the same experimental
conditions (count time, sources, and detector) and the spectra from Figure 3.3 were
the final before and after spectra used in the evaluation. For comparison to the DCSA
from Section 3.1.3 [28], only the MDA metric was used as this was the only similar

metric reported in [28]. The reproduction spectra from Figure 3.5 demonstrates
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Figure 3.14: The combined source ?*! Am and %°Co spectrum, pre-MLCSA (black/line)
and post-MLCSA (pink/filled). The top shows the full spectrum, middle is zoomed along
the vertical axis, and bottom is zoomed along the horizontal axis (left shows around the
241 Am photopeak and right around the %°Co photopeaks) [45]
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how this digital method works but this did not involve the extensive modelling and
testing work from [28] to find the best rise time cut off, and so this would not provide
a fair comparison. For all three metrics to be applied to the rise time cut off method,

the spectra would need to be attained, which was not possible at the time.

Spectra evaluation metric 1 - MDA

The first metric was the MDA improvement following the application of the MLCSA.
This metric was only applied to the 59 keV ?*! Am photopeak, as it is the main peak
in the spectrum where high-energy scatter contributions need to be removed in this
work, due to its low energy which sits in the continuum region. The improvement
was calculated as percent difference, using Equation 2.15. The MDA represents the
lowest level of radioactivity that a «-ray spectrometry system can reliably distinguish
from background radiation, for a specific set up. This is derived from the Currie
method [51, 52|, which defines a decision threshold (the count level above which the
presence of activity is inferred) and the detection limit (the true net signal required
to achieve a high probability of detection). The MDA accounts for the background,
counting time, detector efficiency, and the v emission probability of the radionuclide
of interest. This relationship highlights that the MDA decreases (improves) with
longer count times, lower backgrounds, and improved detector efficiency.
The MDA is expressed as [51]

(3.9)

MDA (Bq) = <2.71 + 4.65\/§> |

b, X € xt

where B is the background counts sum, b, is the yield/y emission probability, € is
the full-energy peak efficiency of the detector for the nuclide of interest, and ¢ is the
live count time in seconds. To calculate B, the counts are summed from a region of
10 keV either side of the photopeak centroid (10 keV was chosen for the combined
source spectrum, for the 2! Am photopeak; for other photopeaks this would differ
depending on photopeak width).

The MDA equation is intended as an indicator of sensitivity for benchmarking
between methods, rather than a precise metrological quantity; therefore, uncertainty
propagation was not performed. The equation assumes ideal conditions, including
stable Poisson-distributed background, accurate detector efficiency, and negligible
systematic effects such as self-absorption or dead time. As a result, the reported MDA
values should be interpreted as approximate lower bounds rather than rigorously
uncertainty qualified limits. The MDA values before and after the MLCSA, the
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percent difference improvement observed in the post-MLCSA and post-CVe, and the

percent improvement for the DCSA are given in Table 3.4.

Spectra evaluation metric 2 - SBR

The second metric was the signal-to-background ratio (SBR) improvement following
the application of the MLCSA. This metric was also only applied to the ?*!Am
59 keV photopeak, as the main low-energy peak in the spectrum where high-energy
scatter contributions need to be removed. The signal in this work is defined as the
net area (a,) of the photopeak above the background level, and the background (b,)
is defined as the underlying area beneath the peak; these are defined in Section 2.2.8
and illustrated in Figure 2.9. The SBR was calculated on the spectrum before and
after the application of the MLCSA, and the percent difference was calculated using

Equation 2.15, to determine the improvement. The SBR equation is

SBR = <b:> : (3.10)

The SBR values before and after the MLCSA, the percent difference improvement
observed in the post-MLCSA and post-CVe are given in Table 3.4.

Table 3.4: Evaluation of the photopeak SBR and MDA improvements for 24! Am. Values
before and after the MLCSA [45] and CVe are provided, along with the percentage difference
following the application of each method. The DCSA % Diff was calculated from the values
in [28]

Method Metric  Before After % Diff
MDA 156 Bq 76 Bq 51

SBR 123 183 49
CVe MDA 183 Bq 160 Bq 12
SBR 20.77  24.78 19
DCSA [28] MDA - - 37
SBR - - -

Spectra evaluation metric 3 - percent reduction in counts

The third metric represents the percentage difference (reduction) in counts before
and after the MLCSA was applied to the live spectrum, using Equation 2.15. This
was applied to several areas of the spectrum, including the three photopeaks of

interest from the sources and two energies within the Compton continuum area
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(200 keV, the back scatter region, and 400 keV to represent the lower and higher
energy parts of the continuum). A higher percentage difference on the photopeaks
represents misclassification and is therefore undesirable to prevent important data
loss, indicating better performance of the MLCSA. The percent difference on the
energies representing the Compton continuum should be as high as possible, as this
indicates better Compton suppression performance through correct classification and
removal of scatter pulses. The percent difference in the counts of the aforementioned

energies of interest are given in Table 3.5.

Table 3.5: Evaluation of the photopeak counts reduction, and Compton counts reduction,
as a percentage difference between pre- and post- MLCSA [45] and CVe. Values highlighted
red indicated reductions where the optimal value would be 0% and values in green indicate
where the optimal value would be 100%

Region Energy, keV CVe count
reduction, %
2 Am 59 15 18
Low-energy scatter 200 99 81
High-energy scatter 400 95 94
0Co 1173 79 7
Co 1332 7 76
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3.4 Summary

In this chapter, a novel machine learning-based algorithm was created as a proof-of-
concept tool, the Machine Learning-based Compton Suppression Algorithm (MLCSA),
comprising a 1D CNN. The MLCSA was developed to reduce the effects of the
Compton continuum on low-energy v rays, and to improve the MDA and SBR of
lower energy photopeaks, which positively impacts the y-ray spectrometry process
from Section 2.2.2 and Figure 2.3. The MLCSA was compared to an existing hardware
Compton suppression solution, the CVe, and an existing digital solution, the DCSA,
and was shown to perform similarly or better. The resulting spectrum from the
MLCSA on the combined source data (**!Am and ®Co) show that the Compton
continuum from %Co scatter can be reduced by ~ 97% using the MLCSA, compared
to ~ 88% for the CVe. Despite the MLCSAs high performance in reducing the
continuum, the higher energy photopeaks were reduced in counts by ~ 78%, however,
this is similar to the CVe at ~ 77%, but better than the DCSA which removed
all high energy photopeaks. The SBR. of the 59 keV ' Am peak was improved by
49%, and the MDA improved by 51%, whereas for the CVe these were 19% and
37% respectively, and the MDA improvement of the DCSA was 37%. The MLCSA
has demonstrated improved SBR and MDA performance with a digital advantage
that it could be readily adapted to other detectors, eliminating the requirement for
additional hardware. A higher SBR indicates that the photopeak stands out more
clearly against the residual background, simplifying peak identification and reducing
ambiguity in complex spectra. Similarly, reducing the MDA means that smaller
amounts of activity can be confidently detected. Together, these improvements in
SBR and MDA create conditions that would allow low-energy ~-rays and low-activity
nuclides to be more readily detected. This could have benefits to fusion waste and
research applications, for example by supporting accurate characterisation for large
fusion-related projects such as the JDR project at the UKAEA, or by enabling
reliable quantification of key radionuclides in research settings where higher MDAs
would otherwise limit scientific output. Therefore, this novel method is valuable to
fusion, and future developments could improve the algorithm into a highly useful

laboratory tool.
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The MLCSA development has addressed all three research questions from Sec-
tion 3.1.4. The research questions (black) and how they have been addressed (pink)

is summarised below:

1. Can the background from the Compton continuum typically found in the
low-energy part of a spectrum from ~-ray spectrometry be reduced digitally,

using state-of-the-art machine learning techniques?

2. Can the machine learning technique be implemented while preserving higher

energy photopeaks and not rely on any detector modelling?

3. Can the techniques produced in this work be used in real-world applications?

3.4.1 Discussion

One discussion point is that it is not entirely clear what the CNN within the MLCSA
uses to differentiate the pulses, due to the nature of the black box algorithm. It is
likely that it is a combination of pulse features such as rise time, but there could be
others. If rise time is the primary discriminating feature, this effectively partitions
the detector volume into depth layers, since the average penetration depth of a v ray
is a function of its energy. This depth dependent behaviour means the CNN may
be implicitly performing a depth of interaction classification. Also, if rise time is
all the CNN uses, then any ~ rays entering the detector from the back and deposit
their energy immediately would have a short rise time, and so this may appear as a

scatter v ray. This is unlikely as the samples are positioned in front of the detector,
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and back shielding can be used where required, and so has not been deemed to be of
concern. This behaviour could also be advantageous, as sensitivity to rise time may
reduce the influence of low-energy environmental 7 rays (such as the 46.5 keV v ray
from lead-210), which often produce short rise time pulses, thereby minimising their
contribution to background and improving spectral quality. The black box nature
of the CNN means that such interpretations remain speculative without further
investigation. The application of explainable artificial intelligence (XAI) techniques
could provide insight into which features of the pulse the CNN uses to make its
classifications, and is therefore identified as a direction for future work.

A second discussion point, which demonstrates a further strength of the MLCSA,
is its robustness to signal noise compared to traditional digital pulse shape analysis
methods such as the DCSA [28]. The DCSA relies on precise determination of timing
markers, which are sensitive to noise on the pulse signal and can lead to erroneous
rise time estimates. In contrast, the MLCSA trains on the general shape of the
pulse, making it more tolerant of noise as the classification is based on the overall
signal shape rather than precise timing points. Similarly, the MLCSA is not sensitive
to coincidence ~y cascades, such as those observed in %Co, which can distort the
pulse shape. Since the CNN learns from the full pulse waveform rather than relying
on specific timing characteristics, such coincidence events are less likely to cause
misclassification. These properties represent practical advantages of the machine
learning approach over traditional methods.

A third discussion point is that the MLCSA has only been shown to work on
spectra that contains 2! Am and °°Co. While this does have useful applications, most
spectra are more complicated and contain a more complex network of radionuclides,
which suggests a need for further development to broaden the applications that
it can be used on. One way of achieving this would be to include significantly
more radionuclides to the single nuclide dataset, but achieving this would require
significantly more reference sources spanning a wide energy range to gather training
and testing data, which is beyond the scope of this work due to costs and availability
surrounding radioactive sources. Also, expanding the source set in this way would
introduce greater complexity due to overlapping spectral features and more chal-
lenging classification scenarios. For the purposes of this proof-of-concept study, two
sources representing the extremes of the energy range were selected to demonstrate
feasibility, with the inclusion of intermediate energies left as a direction for future
work. Although simulated ~-ray spectra could have been used to expand the dataset,
this work focuses on measured data to ensure that the machine learning model is

trained on realistic detector responses under experimental conditions. It is also
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important to note that the MLCSA is able to generalise to new data, as evidenced by
its treatment of the unseen 1173 keV photopeak, so its presence in the post-MLCSA
spectrum suggests the CNN model is able to generalise to pulses from unseen energies.

A fourth discussion point is that the MLCSA does not run in real time, as
currently the experimental data are gathered and later processed to perform the
Compton reduction. Whilst this does not hinder the process, this would in theory
be possible to run live as part of the data collection step, which would broaden the
applications of the MLCSA. This would take more processing power than is currently
available in the RADLab, such as a better digitiser with a high bandwidth stream to
a graphical processing unit (GPU). Consideration would also be needed into how
useful this would be for specific applications, therefore, this has been identified as a
future development opportunity.

A fifth discussion point is that the MLCSA currently works for one specific
detector, but with some future developments this could be expanded to be detector
agnostic. The development work of the MLCSA did not involve complex modelling
of a specific detector, but instead relied on measuring a set of reference sources with
a detector and using those as training data. Therefore, this could be applied to other
detectors as the CNN model within the MLCSA would only need re-training with
pulses from that detector - this would require a different machine learning model for
each detector. However, it may even be the case that one model could suffice for all
of the detectors it was trained on, with enough validation work. This would require
significant amount of training data, development, and access to enough detectors
with the correct connections to be able to fully develop, and therefore is out of the
scope of this thesis.

A sixth discussion point for future development could explore the integration of
the CVe system with the MLCSA to create a hybrid solution that combines physical
suppression with machine learning-based classification. The CVe system could not
only improve suppression by further reducing the Compton continuum but could
also serve as a source of ground truth for training and validating the MLCSA CNN
model, providing high confidence labels for distinguishing true photopeaks from
scatter events. This synergy could significantly enhance performance in complex
spectra where residual Compton scattering remains. However, implementing this
would require extensive experimental work, including substantial access to the CVe
system at the UKAEA and the acquisition of paired spectra (with and without
the CVe system) across multiple radionuclides and energy ranges. These resource
and time constraints place this development beyond the scope of this thesis, but it

represents a valuable direction for future research.
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A seventh discussion point is that the lack of uncertainty estimation represents
a limitation of the current work, as uncertainty estimation would provide addi-
tional confidence information alongside classifications, which could be valuable in
a nuclear diagnostic context where misclassification carries practical consequences.
Incorporating uncertainty estimation is therefore identified as a direction for future
work.

Finally, further machine learning developments could include feature engineering,
dataset balancing, or exploring alternative model architectures to further reduce the

retention of scatter pulses or increase the retention of photopeak pulses.
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Chapter 4

Machine Learning-based Efficiency
Calculations (MaLBEC)

4.1 Introduction

In y-ray spectrometry, analysis of the spectra measured from radioactive samples
enables the identification and quantification of the radionuclides present, thus enabling
further interpretation. As discussed in Chapter 2, the results of the analysis are vital
for characterisation of radioactive waste and for research work of fusion samples. For
waste measurements, an inaccurate efficiency value could lead to misclassification.
For research measurements, accurate efficiency calculations and the corresponding
calculation of activity results, are a key part in reaction rate calculations which can
then used to determine fusion fuel consumption and fusion power. Quantification is
done through the activity calculation, Equation 2.9 as discussed in Chapter 2, where
the absolute efficiency, €, forms a key part of the activity calculation.

The efficiency is not a fixed property of the detector but rather is influenced
by experimental factors, and as such varies with energy. The efficiency curve of a
detector shows a characteristic energy dependence: at very low energies the efficiency
decreases due to absorption in the detector window and dead layers. A maximum
efficiency is observed in the low to intermediate energy region, where v rays are
sufficiently penetrating but still have a high probability of full absorption. At higher
energies, the efficiency decreases, reflecting the reduced probability of complete
energy deposition in the crystal due to the dominant y-ray interaction mechanisms.
In this high-energy region, CS is the most likely process, as v rays scatter within the
detector and deposit only part of their energy before escaping. As the y-ray energy

increases above 1022 keV, PP becomes possible, but this process often leads to partial
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energy loss if one or both of the annihilation photons escape the detector. Meanwhile,
the PE effect, which is the only interaction that guarantees full-energy absorption in
a single event, becomes less probable as energy increases. The combined effect of
these processes leads to the gradual fall off of the efficiency curve at high energies

[26]. Some of the primary experimental factors that influence efficiency are listed
below [33]:

o The crystal size - a larger detector crystal has a greater volume of active
material, which increases the probability that a scattered ~ ray will undergo
further interactions before escaping. This effect reduces the rate at which
the efficiency falls with energy, leading to a flatter slope in the high-energy
region. Smaller detectors have a lower chance of capturing all the scattered or

secondary photons, which results in a steeper decline in efficiency [26].

o The crystal shape - as an example, coaxial HPGe detectors with thicker
end caps or dead layers may show stronger losses at low energies (as these
are particularly susceptible to absorption in these regions), while well-type
detectors, which nearly entirely surround the source, provide much higher

efficiency across a broad energy range.

o« The detector attenuating layers - this includes the material, size, and
any inactive/dead layers or entrance windows. These factors determine the
likelihood that a ~ ray entering the detector will deposit its full energy and
contribute to the full-energy peak [26, 27].

o« The sample properties - this includes activity, emission probability, and
self-absorption within the source matrix (e.g. sample geometry and density).
These characteristics influence the efficiency curve by altering the probability
that v rays escape the sample and reach the detector. For example, high-density
or large-volume samples increase self-absorption, leading to stronger losses
at low energies and a steeper decline in efficiency in that region. Conversely,
thin or low-density samples minimise absorption effects, resulting in a flatter

efficiency response across the energy range.

e The geometry of the measurement - a key factor is the source-to-detector
distance. When a source is moved closer to the detector, this increases the solid
angle subtended by the detector, raising the overall efficiency. This primarily
shifts the curve upward or downward without fundamentally altering the slope.

While extended or non-point-like sources further decrease the probability of
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~-ray detection [53]. The solid angle, €2, represents the fraction of the total
emission sphere that a detector subtends at the source (see Figure 4.1). For a
circular detector of radius a (¢m or m), positioned at a distance d (cm or m)

from a point source along its axis, the solid angle is given by [53]

d
Q=2 (1—m>. (4.1)

This expression accounts for the geometry of the detector and is valid even

when the source is close to the detector.
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Figure 4.1: A diagram for calculating the solid angle (€2) subtended by a cylindrical
detector for an isotropic point source (s), adapted from [53]

o Electronic effects - it should be noted that overall system efficiency is also
influenced by electronic effects such as dead time, sampling frequency, and
signal processing, which can reduce the fraction of events successfully recorded.
These effects are beyond the scope of this work as they are related to the
detector hardware and acquisition electronics, and so they apply equally to all

methods considered in this work.

This list is not exhaustive, but covers the primary factors that affect the efficiency
curve. The complexity of these factors highlights the importance of calculating
the efficiency calibration accurately in y-ray spectrometry, since the relationship
between the number of detected counts and the actual activity of a source is not
straightforward. The efficiency calibration is therefore essential as it provides the
quantitative link between the observed count rate in the detector and the true
emission rate of v rays from the source. Without calibration, quantitative analysis
of v spectra would be impossible, since raw counts do not account for the combined

influence of these factors.
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A key point to consider with existing efficiency calculation methods (which are
discussed in the next section) is that it is typically time consuming to generate
models of the samples in order to calculate the efficiency values. On the small
scale this has minimal impact, but when there are many samples or many detectors
(as each detector will have their own efficiency curve) this can be a time-intensive
process. In waste, especially in large scale projects such as the decommissioning of
nuclear machines (e.g. JDR at the UKAEA), significant volumes of the machine are
required to be measured via ~y-ray spectrometry. In JET, the volume of waste is
expected to be around 1.03 x 107 kg (10300 tonnes). Some of this will be standardised
into waste package items, but this won’t be possible for all items. New efficiency
models will be required for each new item shape, which could be extremely time
consuming. Prior to measuring items of waste, a large sampling regime is required
to understand the extent of the activation on the machine - these too will require
the y-ray spectrometry measurement of hundreds or potentially thousands of these
items. Efficiency calculation models will be required to be created for all items, and
so a solution where this can be done quickly, and where possible, automatically for
minimal user input as possible will be important. Similarly, in research measurements,
and measurements to continually determine fusion power and fuel consumption, many
items are required to be measured daily (e.g. through "rabbit" systems [54, 55]), where
again, the ability to quickly attain the efficiency and therefore activity calculations

is important.

4.1.1 Existing solutions

There are several existing methods for calculating the efficiency values, including
experimental, Monte Carlo based, or a hybrid approach (semi-empirical).

The most direct, standard method is experimental calibration using standard
~-ray reference sources of known activity and emission probabilities. By recording
the count rate in the full energy photopeak for each 7 line and normalising to the
source activity and emission probability, the absolute efficiency at that energy can
be calculated. Repeating this process for multiple energies allows construction of
an empirical (measured) efficiency curve. While highly reliable when appropriate
reference sources are available, this method has practical restraints. Only a small
number of reference sources are easily manufacturable and they can be costly, therefore
the range of energies from these sources will be limited. It is also preferable that the
reference source geometry closely matches the geometry and size of the samples being

measured, to provide a representative efficiency curve, this means measurements
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need to be repeated to generate a new efficiency curve for different geometries and it
is often not feasible. Samples from decommissioning, waste, or research work can be
any geometry. This method works best for standardised samples and is limited to
the availability of reference sources. An example commercial software that utilises
this approach is Ortect’s GammaVision (GV) software [56].

Modern approaches increasingly rely on Monte Carlo simulations, which are a
class of computational algorithms that use repeated random sampling to approximate
numerical results. Codes such as Monte Carlo N-Particle (MCNP) [57], GEometry
ANd Tracking (GEANT4) [58], or OpenMC [59], are used to model the transport
and interaction of v rays within the detector and surrounding materials. These
simulations can account for detailed detector geometry, including crystal size, dead
layers, and shielding, as well as source distribution, sample container geometry, and
attenuation in air or other materials. Monte Carlo methods can be used to generate
efficiency curves for energies and geometries where experimental calibrations are
impractical. However, their accuracy depends on careful modelling and validation
against experimental data, typically using one or more reference sources to ensure
that the simulated detector response is realistic and valid. Also, the accessibility and
barrier to entry are difficult for Monte Carlo methods, which can require expensive
licences, extensive training and expertise, and may need a significant amount of time
to create and run models.

The hybrid /semi-empirical approaches combine physical models of y-ray inter-
actions with experimentally determined parameters to calculate efficiency. These
models are often expressed as mathematical functions that describe efficiency as a
function of y-ray energy. For example, one common approach is to fit experimental
efficiency data points with polynomial or logarithmic functions, allowing interpola-
tion between calibration energies. Commercial software often uses semi-empirical
methods to predict detector efficiency for a wide range of geometries without re-
quiring full experimental calibration, by combining experimental measurements at a
few key energies with simulation or analytical interpolation to produce a complete
efficiency curve. For example, Mirion’s Genie 2000 software integrates In Situ Object
Counting System (ISOCS) [60], which can generate efficiency curves for arbitrary
sample geometries using analytical modelling based on a factory generated detector
characterisation file derived from detailed Monte Carlo simulations. This eliminates
the need for extensive physical calibration sources. Similarly, Ortec’s Isotopic [61]
software employs a combination of empirical calibration and Monte Carlo simulation
to estimate detector response for a wide range of sample sizes and distributions,

enhancing accuracy for complex or irregular geometries. These commercial tools
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illustrate how hybrid methods can use both experimental data and computational
modelling to provide flexible, reliable efficiency determinations. However, these com-
mercial systems often require expensive software (and licenses), extensive training
and expertise, can be time consuming, and often require restrictive software that is
difficult to use in tandem with other laboratory automation tools. The use of these
commercial tools also require the user to be reliant on the company for updates and
developments to the software.

There were, at the time of the development, no alternative solutions that utilise
state-of-the-art machine learning as an alternative solution to the efficiency calculation
process. The choice of method depends on the availability of reference sources,
detector complexity, sample geometry complexity, the availability of software/licenses,
the time demands to create models, and the expertise/training of those performing
the calculations. Overall, the restrictions and difficulties with all of these methods,
along with the gap in the literature identified here, have identified an opportunity
for a novel method that provides an all round solution to calculating the absolute
efficiencies, with an emphasis on improving the speed of attaining the efficiency

values for the end user.

4.1.2 Research aims

The work in this chapter explores the application of novel machine learning-based
algorithms for efficiency calculations, comparing the effectiveness of different models
and includes work on data preparation. This work was in preparation for the creation
of a novel Machine Learning-based Efficiency Calculator (MaLBEC) [62]. The final
algorithm is compared to an existing method (MCNP), to support the evaluation
and validation processes.

The research questions addressed in this chapter are:

1. Can the absolute efficiency calculation process be improved and simplified (e.g.

automated, sped-up, etc.), via state-of-the-art machine learning methods?

2. How does the novel machine learning method compare to a traditional method,
through comparing the efficiency values, the resulting activity calculations, the

computational speed, and the usability (e.g. simplicity of model creation)?

3. In what ways can any techniques produced in this work be used for real
world applications, and how can their effectiveness be demonstrated through

experimental validation?
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4.2 Methods

Through step one of the the model selection process in Section 2.3.2 and Figure 2.10,
this work was identified as a regression task, as the machine learning models would
predict a discrete value for each new input. The training method for these machine
learning models was supervised, as the training data could be pre-labelled with an
efficiency value, based on a simulated sample.

The MaLLBEC predicts efficiency values for 11 y-ray energies for radioactive items,
based on just four inputs from the geometry of the sample and measurement. The
MaLBEC comprises a MLP as a supervised, regression machine learning model. In
the broader context of computational modelling, the MaLBEC can be characterised
as a machine learning-based reduced order surrogate model. Surrogate models, first
formalised by [63], are lightweight approximations of computationally expensive
simulations, trained to reproduce their outputs as a function of key input parameters
at a fraction of the computational cost. Rather than running a full simulation for
each new input, a surrogate is trained on a set of simulation outputs and then used to
predict new outputs in real time. Such approaches have been adopted in the nuclear
industry to replace costly Monte Carlo simulations, for example in radiation transport
modelling [64], where the computational burden of repeated high-fidelity simulations
makes direct simulation impractical. The MaLBEC follows this paradigm, replacing
costly Monte Carlo efficiency simulations with a trained MLP that predicts efficiency
values directly from geometric inputs. The methodology, selection and refinement
of the machine learning model, and benchmarking/validation are described in the

following sections.

4.2.1 Data collection

Step two of the the model selection process in Section 2.3.2 and Figure 2.10 is the
data collection and exploration step. For this work, a combination of experimental

and simulated data were required, which are discussed in the following sections.

Detector

The high-resolution, HPGe detector system, owned by the RADLab at the UKAEA,
used in this work was an Ortec Trans-SPEC-DX-100T, shown in Figure 4.2. This
detector was used for the experimental data collection, and a model of it was used to
generate simulated data, for consistency and direct comparisons. The detector has a

built-in digital MCA. This design eliminates the need for liquid nitrogen, resulting
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in a portable system that is particularly well-suited for applications such as waste
characterisation. The technical information and specifications for this detector are

in Appendix A.3.

Figure 4.2: A Photograph of the Trans-SPEC detector in the RADLab at the UKAEA,
with the external power unit attached

Experimental data - reference calibration source

The mixed radionuclide source used in this work contained v lines from cadmium-109
(109Cd, 88 keV), 57Co (122 keV), 137Cs (661 keV), and ®Co (1173 keV and 1332 keV).
The source activity was around 40 kBq and was measured for 3,600 s at a distance
of 0 ecm (placed directly by the end cap), resulting in a dead time of around 7%.
All activity results related to this source are decay corrected to the reference date
of 01/11/2017, using the exponential decay law [27], to account for radioactive
decay occurring between the reference date and the measurement time. The decay

correction equation, for the activity at a reference time Ag, is given by

Ay =aeM, (4.2)

where a is the activity (Bq) at the measured time (Equation 2.9) and ¢ is the time

since the reference date (s). The decay constant, \ is

In(2)

A= ,
T2

(4.3)

where T} 5 is the nuclide half-life (s).
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Experimental data - radioactive sample

The experimental sample used in the validation of the final machine learning model
in this work was a stainless steel item approximated as a cylinder (radius 2 cm, height
13.5 cm, measured density of 6.89 g/cm?), that was positioned within the JET torus
hall and was activated by fusion neutrons during DD and DT campaigns over the
JET operational period (40 years). This sample formed part of the JDR sampling and
characterisation programme, and is used in this work as a representative radioactive
waste sample.

The sample activity was around 3 kBq, it was positioned at a distance of 30 cm
from the Trans-SPEC detector and data were acquired for 800 s, which resulted
in a dead time of <1%. These values were selected to reflect typical measurement
conditions for active samples in the RADLab, ensuring consistency with standard
laboratory practice. A photograph of the sample in relation to the detector, and the
corresponding spectrum are shown in Figure 4.3. The ~ rays of interest identified in
Figure 4.3 are from ®*Mn and °Co. These are likely due to the *Co(n,v)*Co and
Fe(n, p)®*Mn reactions in the steel. The other photopeaks are due to NORM (as

discussed in Section 2.2.7).

Simulated y-ray spectrometry equipment - MCNP model

An MCNP model for the Trans-SPEC HPGe detector was created and Figure 4.4
shows the MCNP plotter image of the detector. As part of the validation process,
the model was used to calculate efficiency values for 11 ~v-ray energies, which were:
59 keV, 88 keV, 122 keV, 150 keV, 200 keV, 300 keV, 400 keV, 500 keV, 661 keV,
1173 keV, and 1332 keV. The energies were selected to span a broad energy range,
to incorporate those available from reference sources at the RADLab (specifically:
59 keV, 88 keV, 122 keV, 661 keV, 1173 keV, and 1332 keV). The remaining energies
were included to ensure that efficiency values were sampled across the central portion
of the spectrum. For energies between these values, interpolation (such as linear or
cubic) can be used. Each -ray energy required a separate MCNP file, as the reference
source was modelled as a point source emitting monoenergetic y-rays isotropically
(uniformly in all directions) to match the default of the commercial software, Ortec’s
GV, used in comparisons.

The MCNP F'8 tally was used to calculate detector efficiencies as it simulates the
pulse height distribution, which closely represents the response of a real detector, and
accounts for partial energy deposition, escape peaks, and relevant detector physics.

The F'8 tally scores the energy deposited per event in a specified cell, corresponding
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Figure 4.3: a) The experimental measurement set up, including the Trans-SPEC-DX-100T
HPGe detector and a steel sample. A transparent cylinder is overlaid to illustrate the
geometric representation used in the computational model. The pink (light) wavy line
demonstrates a v ray that reaches the detector and the black (dark) wavy line is one that
is not incident on the detector and so will not be seen. b) The spectrum from the set-up
shown in a), with the key photopeaks, from *Mn and %°Co, filled in pink [62]
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Figure 4.4: The MCNP model of the Trans-SPEC HPGe detector from the MCNP plotter,
total length of 41.5 cm. Light blue is air, yellow is the aluminium detector housing, orange
is PVC, dark blue is aluminium, white is a vacuum, green is steel (not visible at this scale),
and purple is germanium crystal

to the detector crystal in this work, and produces a histogram of deposited energy.
To determine a photopeak efficiency, MCNP integrates the counts within a defined
energy window (photopeak energy) and normalises by the number of simulated source
particles [57]. The output from MCNP is three values for the F'8 tally bin: the
bin identifier (e.g. energy), the mean tally result, and the relative error R. The
relative error corresponds to one standard deviation (1o) expressed as a fraction
of the mean tally value, R = o/mean tally result [57]. It provides a measure of the
statistical uncertainty associated with the tally result, based on the variance of scores
accumulated over all particle histories. According to reference [57], results with
relative errors greater than 50% are considered unusable, those between 20% and
50% are highly uncertain, and those below 10% are generally reliable. For detector
tallies, a stricter criterion applies where the relative error should be less than 5% for
high confidence. In this MCNP model validation work, all reported tallies met these
criteria, with all relative errors below 1%.

The statistical uncertainties from MCNP were combined with measurement
uncertainties to determine a full picture of the uncertainties in calculating the effi-
ciencies. The relative efficiency uncertainty, o, /€, can be expressed as a combination

of contributions and is derived as

A Tevins \ 2 Oc. 2 e \2 o, 2
(F) = () o (P o () + (Pe=) )
€ € € € €

where o, /€ represents the relative statistical uncertainty (e.g. MCNP tally or
model error), o,..../€ is the relative uncertainty due to geometry tolerances (0.5-2%
for a &1 mm dimension uncertainty [33]), o, /€ is the relative uncertainty due to
positioning uncertainty (1-3% for a £1 mm positioning uncertainty [33]), and o.,_,_/€
is the relative uncertainty due to density/composition variations (less than 0.5% for
a £1% density uncertainty [33]). The upper values for each of these were used in

this work, for conservatism. When combined with the statistical relative errors for
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the MCNP model, all relatives errors were below 4%. All uncertainties reported in
this work are expressed as absolute values and correspond to one standard deviation
(1o).

As part of the MCNP model validation, the efficiencies from MCNP were com-
pared with efficiency values obtained using commercial software GV, which uses the
experimental approach (as described in Section 4.1.1). The resulting efficiency values
and uncertainties are shown in Table 4.1 and the curves are shown in Figure 4.5, where
dead time has been account for to account for the differences between simulation and
experimental data. The uncertainties from GV (ogy) are provided by the software
and includes all relevant contributions (e.g. counting statistics and geometry). The
MCNP uncertainties (opmconp) include statistical uncertainty from the simulation and
other relevant contributions. The efficiency results for both methods were compared

using Equation 2.15, with GV as the reference value.

Table 4.1: A comparison of GV and MCNP efficiency values and associated uncertainties
for 11 ~-ray energies, with percentage differences

Energy, keV GV € ogv MCNP ¢ OMCNP e % Diff
59 5.75 x 1072 1.88 x 1072 8.17x 1072 3.00x 1073  42.1
88 1.36 x 107! 7.66 x 1073 1.68 x 10~* 6.15 x 1073 24.2
122 1.85 x 107! 540 x107® 1.92x 107" 7.01 x 1073 3.8
150 1.86 x 1071 4.66 x 1073 1.85 x 107! 6.74 x 10~  -1.0
200 1.62x 1071 4.05x 1073 1.57x 107! 574 x10~%  -3.0
300 1.14 x 1071 286 x 103 1.12x 107* 4.11x10~%  -1.7
400 857 x 1072 2.14x107% 867x1072 3.18 x 1073 1.1
500 6.85 x 1072 1.71 x 1073 7.13 x 1072 2.62 x 1073 4.2
661 523 x 1072 1.08 x 107® 5.62 x 1072 2.07 x 1073 7.5
1173 285 x 1072 6.40x 107* 354 x 1072 1.32x 1073 245
1332 257x 1072 578 x107* 320x 1072 1.19x 1073 246

Comparison of GV and MCNP efficiencies shows strong energy-dependent be-
haviour. In the mid-energy range (122-661 keV), agreement is excellent with differ-
ences typically within a few percent, indicating that the detector geometry and intrin-
sic response are well represented in the model. However, at low energies (<88 keV)
MCNP overestimates efficiency by 24-42% and at high energies (>1173 keV) overes-
timates by approximately 25%. These discrepancies are consistent with physical and
modelling limitations. At low energies, under representation of attenuating layers
such as the end cap and dead layer can lead to inflated simulated efficiencies; the
dead layer was experimentally estimated as 0.07 cm. At high energies, the absence of

true coincidence summing in the MCNP source definition for cascade emitters (e.g.
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Figure 4.5: The efficiency curves for the Trans-SPEC model, comparing GV (black) and
MCNP (orange), based on the reference source. The error bars represent +10 uncertainties

and the smooth curves are cubic spline fits. The bottom panel shows residuals as percent
difference

%0Co) likely explains some of the observed over prediction, as GV does not apply
summing corrections by default (this was off in the settings) and therefore reflects the
actual detector response including summing losses. The MCNP method represents
an idealised case without summing effects, while GV measurements incorporate
these losses, leading to systematic differences for cascade lines. The MCNP model
and GV assume a point source, whereas the actual calibration source was a small
disk; this approximation can slightly bias simulated efficiencies, particularly at low
energies and short source-to-detector distances. However, this was not considered
significant enough to warrant correction. Uncertainties for both GV and MCNP
are low (typically <5%), indicating that the observed differences are systematic
(e.g. modelling assumptions) rather than statistical noise. Further refinement of the
measurement set up (i.e. increase the source-to-detector distance) and MCNP model
is recommended, but for the purposes of this work, it is deemed suitable for use.
Further validation of the Trans-SPEC MCNP model was performed by applying
the MCNP derived efficiency values to calculate the decay-corrected activity of the
mixed radionuclide reference source, as described in Section 4.2.1. The efficiencies
from MCNP were loaded into GV for use in the automatic analysis sequence, meaning

all activities and uncertainties were provided by GV. The activities, uncertainties, and
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percent differences (with the known activity as the reference term in Equation 2.15)

are presented in Table 4.2.

Table 4.2: Comparison of known and measured activities for different nuclides from the
mixed radionuclide reference source. All activities and uncertainties are provided from GV

Known . ..
Nuclide Energy, keV act]igvity, MCNPBZCHVIW’ OM]ggP’ A(;)tl[;/il;fy
q
109Cq 88 1.53 x 104 1.70 x 104 9.59 x 10? 10.95
5Co 122 5.41 x 102 5.28 x 10? 1.54 x 10¢ -2.44
187Cs 661 2.89 x 10? 2.68 x 10° 5.56 x 101 -7.15
%0Co 1173 3.20 x 103 2.57 x 103 5.79 x 101 -19.58
%0Co 1333 3.20 x 103 2.57 x 103 5.79 x 10! -19.58

The results in Table 4.2 show underestimation for all nuclides except *°Cd,
which is overestimated, with differences all below 20%. Agreement for single-gamma
emitters (not in coincidence) such as *’Co is good, while cascade emitters like
60Co exhibit the largest bias due to summing effects. This trend is consistent with
the efficiency analysis; MCNP does not account for true coincidence summing,
leading to inflated simulated efficiencies and consequently lower calculated activities.
Uncertainties for MCNP activities are small (typically < 3%), confirming that
these discrepancies are systematic rather than statistical. Despite these limitations,
the MCNP model provides sufficiently accurate activity estimates for the purposes
of this work. Importantly, the level of accuracy demonstrated in the validation
work is consistent with industry requirements and international standards for -ray
spectrometry in waste characterisation and research measurements, where larger
differences are generally considered acceptable unless the activity boundaries are
near a consignment boundary (e.g. at the top of the OOS boundary) or where the
consequences of a wrong decision are less critical [65, 66].

All MCNP calculations used in this chapter were performed using the UKAEA
Intel Xeon E5-2640 high-performance computing cluster with 16 CPU cores, two
sockets per physical node, and 125 GB of RAM.

Simulated data - randomly generated data

A broad dataset of simulated cylindrical samples was required to mimic the likely
geometries and measurements encountered in the RADLab. Simulated data were
employed rather than experimental measurements, as generating efficiency curves

for over a thousand geometries, as required for training machine learning models,
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would have been time consuming and resource intensive, and in practice it is difficult
to obtain such a large and varied experimental dataset. Simulations, by contrast,
allowed rapid exploration of the design space and ensured sufficient diversity across
geometries. A total of 1300 geometries were selected, which was deemed sufficient
to cover the typical range of sample sizes seen in the RADLab, providing enough
variation to capture relevant trends while remaining computationally feasible. This
balance ensured that the dataset was large enough to train robust machine learning
models without incurring excessive runtime costs.

Each sample geometry required a separate MCNP model which had to be run at
every ~y-ray energy - given that every sample was run for 11 energies, approximately
14,300 MCNP files were needed in total. This required significant run time on the
computer clusters. Data augmentation was considered as an option, as is common
in machine learning problems where a large training dataset is required; however,
for this work the four parameters that make up the new geometry were required to
be used as labels to link them to the efficiency curve in machine learning training
and testing, and so random efficiency curves could not be generated as this would
lose the vital information linking the patterns to sample dimensions. The material
and shape were fixed for this proof of concept work, as stainless steel and cylindrical,
respectively (although future work could expand on this, as discussed in Section 4.4.1).
Stainless steel was chosen as this is a material relevant to fusion waste and research
measurements. Samples in the RADLab are often cylindrically shaped, due to the
storage containers used for measurements and the sampling methods (e.g. drill cores),
therefore this geometry was the focus of this work.

To generate the 1300 samples, four parameters were edited, namely: sample
density, height, radius, and source-to-detector-distance. In order to achieve the
MCNP modelling of these samples, a python script was written to randomly generate
different cylindrical geometries in the form of an MCNP input file, within specified
minimum and maximum limits over the four parameters. Uniform random sampling
was used to generate the parameter combinations, whereby each parameter value
was drawn independently from a uniform distribution within its specified bounds.
The selection of a sampling strategy for surrogate model training is an established
area of research in design of experiments [63]. More structured approaches, such as
Latin Hypercube Sampling [67], have been shown to provide more uniform coverage
of the input space with fewer samples than simple random sampling. While an
alternative method would offer improved space filling properties, the uniform random
sampling approach used here was considered sufficient given the relatively large

number of samples generated, which provides reasonable coverage of the parameter
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space. The use of other design of experiments strategies to improve sampling efficiency
is identified as a direction for future work. An automation script was used due to the
large volume of MCNP input files that were required. The upper and lower limits on

the parameters were also chosen to mimic likely samples in the RADLab, these were:
1. Sample density, range: 2.5 g/cm? - 7.86 g/cm?,
2. Sample height, range: 0.4 cm - 40 cm,
3. Sample radius, range: 0.5 cm - 15 cm,
4. Distance to the detector, range: 1 cm - 50 cm.

The sample height, radius, and distance to the detector all represent typical values
seen within the RADLab, however the density limits require further consideration.
When the volume and the mass of samples are measured, the calculated density is
typically much smaller than the density of the uniform material, due to several factors.
For solid items, one factor is due to small internal voids/air gaps within, which will
reduce the density. A second factor arises from inaccuracies in measuring the samples;
it is often difficult to determine the exact dimensions without overestimating, which
in turn lowers the calculated apparent density. For packaged items (e.g. a steel
container filled with many steel bolts) the packing ratio also needs to be accounted
for. For stainless steel, the density is typically 7.86 g/cm? (hence this is the upper
limit in the auto generator), and the lower limit accounts for a worst case poorly
packed item. The equation for density (p, g/cm?) and volume of a cylinder are given

below,

= — 4.5
P=v (4.5)

where m is the mass in grams and V is the volume in cm?. Volume is
V = mr?h, (4.6)

where 7 is the radius (cm) and h is the height in (cm).

Once the 1300 samples (relating to a total of 14,300 MCNP input files) were
auto generated and run on MCNP via the UKAEA clusters, the result was a .CSV
file with the 4 input parameters and the resulting 11 efficiency values (one for each
~-ray energy) as the outputs. Figure 4.6 shows the efficiency curves of 12 geometries,
corresponding to 1% of the full dataset so that the curves can be seen clearly without
overlap. This figure also shows three of the samples in MCNP, to demonstrate the

variation in sample dimensions and positions.
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Figure 4.6: a) The efficiency curves of ~ 1% of the full 1300 simulated cylindrical
geometries. Each colour represents an efficiency curve of a different random geometry.
b) Top down view from MCNP of three of the geometries simulated, showing example
variations in the simulations, such as varying radius and detector-to-sample distance. The
detector is on the left (yellow, with a total length of 41.5 cm) and the cylindrical samples
are on the right (green) [62]

Data processing Pipeline

The data processing pipeline, as per step three of the machine learning model selection
process from Section 2.3.2 and Figure 2.10, for this work is relatively simple. The

pipeline was three steps:

1. Generate the training data in MCNP to produce a dataset with 1300 geometries.

2. Clean the data to remove any geometries with NaN data or 0 values for
efficiency (e.g. from errors with MCNP simulations resulting from, as an

example, geometry errors) leaving 1258 geometries.
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3. Split the data into training (80%, 1006 geometries) and testing (20%, 252

geometries) datasets.

4. Scale the target variable (efficiency) by a constant factor of 10° to improve
numerical stability during training. The original efficiencies were on the order
of 1075, which would make the loss and gradients extremely small. Tiny
gradients lead to very small weight updates, causing slow convergence or even
stagnation during training. By scaling the targets, the gradients remain in a
reasonable range, allowing the optimiser to make effective updates and train
more efficiently. This also makes the scaled values easier to interpret during
model development, but all predictions are inverse-scaled prior to evaluation,
thus all root mean squared error (RMSE) values reported in this work are

calculated on the original (unscaled) efficiency values.

The training data include the four input parameters and the labelled data are the
efficiency values at the required energies for each geometry. For the test data, only
the four input parameters were provided. For the experimental data, the four input
parameters will be provided but these will be determined through experimental

measurements, rather than through MCNP simulations, as discussed earlier.

4.2.2 Machine learning models

This task was a supervised, regression task, and therefore only machine learning
models that were suitable for this type of work were selected. For step four of
the model selection process in Section 2.3.2 and Figure 2.10, five machine learning
models were evaluated. At this stage of the model selection process, all five models
were evaluated using their default hyperparameters, as the purpose of this step was
to compare model architectures rather than optimise individual models. Default
hyperparameters provide a reasonable baseline for comparison, and hyperparameter
tuning was reserved for the final selected model as per step five of the model selection
process (Section 2.3.2). The models selected are detailed in step four in Section 2.3.2,
and comprised four traditional regressors (RF, XGB, SVR, and KNN) and one deep
learning regressor (MLP).

The five machine learning models were evaluated using the chi-squared (x?)
statistic on the training dataset, which measures the discrepancy between observed
and expected values. The y? statistic was used as it is a single, unit-less measure,
which provides a straightforward basis for comparing the models, regardless of the
scale. In this work, this relates to the difference in the actual and predicted efficiency

values for each energy, per geometry. The x? statistic is defined as
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ng 2

=3 O B) TEE) , (4.7)
where O; is the observed efficiency for geometry i, FE; is the expected efficiency
for geometry ¢, and n, is the number of geometries being compared. A larger
x? indicates a greater difference between observed and expected efficiencies, and
therefore a poorer performance. The y? value for each model are shown in Figure 4.7,
where the MLP was identified as the best performing due to having the lowest total
x? value. This superior performance can be attributed to the inherent ability of
neural networks to capture complex non-linear relationships between input features
and output efficiencies. The efficiency response is influenced by multiple interacting
parameters, including sample height, radius, density, and detector distance, which
exhibit correlated non-linear dependencies on ~-ray attenuation and geometric effects.
Unlike tree-based methods (RF, XGB) or distance based approaches (KNN), a MLP
uses multiple hidden layers and non-linear activation functions to approximate these

interactions effectively.
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Figure 4.7: A bar chart showing the total x? values for the five machine learning models
evaluated

4.2.3 MLP theory

The final machine leaning model identified as most suitable for further development
in the MaLBEC was the MLP, as it produced the lowest y? value. An MLP is a
type of feedforward ANN (discussed in Section 2.3.3). The MLP consists of one or

more hidden layers of interconnected nodes, called neurons, that are fully connected
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to the input layer and the output layer. Each neuron in the hidden layer applies
a non-linear activation function to the weighted sum of its inputs, allowing the
network to learn complex, non-linear patterns in the data [37]. During training, the
model is optimised using backpropagation (see Section 2.3.3). The MLP has several
parameters that require tuning/optimising, to ensure the best performing model,

which are discussed in the next section.

Hyperparameter tuning process

As per step five of the machine learning model selection process from Section 2.3.2
and Figure 2.10, the hyperparameter tuning of the MLP was performed via a grid
search [35] across five key parameters, with the objective of improving the evaluation
metric of the RMSE. The RMSE was selected because for a unit-less target such as
efficiency, it preserves the magnitude of the underlying metric, making the size of
prediction errors directly interpretable. The RMSE is a measure of the average size
of prediction errors, giving higher weight to larger errors because of the squaring

operation, and is defined as [68]

Nq

RMSE — J LS - v, (4.8)

Nnd ;=

where ng is the number of data points, y, is the predicted efficiency for the ¢th
geometry, and y, is the actual (true) efficiency for the ith geometry. Lower RMSE
values indicate that the predictions are closer to the actual values. The RMSE was
calculated on the training and testing datasets, and it was also calculated on the
mean CV score obtained from 10-fold CV (Figure 2.11). The CV score is computed
using negative mean squared error (MSE) as the underlying scoring metric, which is
the negated MSE returned by the CV procedure; the square root of the absolute value
is then taken to yield the reported RMSE, ensuring consistency with the primary
evaluation metric.

To select optimal hyperparameters a grid search was used (see Section 2.3.2) with
a training loss of negative MSE and evaluation metric of RMSE. The combination
that yields the lowest RMSE is selected as the optimal set of hyperparameters.
Although computationally expensive, grid search ensures that the entire parameter
space is explored, providing a robust approach to hyperparameter optimisation.
Early stopping was enabled to prevent overfitting and over-optimisation, as well as

to reduce computational cost.
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The five hyperparameters specified in this work, and their respective search

ranges, were:

1.

The loss regularisation parameter (alpha) — a penalty term added to the
loss function (MSE) based on the sum of the squares of the weights. These
weights control how strongly a neuron’s output influences the next neuron.
Penalising large weights reduces over-reliance on individual connections, helping
prevent overfitting and improve generalisation while maintaining necessary
variation for learning. If alpha is too high, weights shrink excessively, limiting
model capacity and causing underfitting; if too low, weights can grow large,
increasing overfitting risk [35].

Grid range: [0.0001, 0.001, 0.01, 0.1, 0.12, 0.2]. These initial values were
based on typical ranges for neural networks, with additional values introduced

through experimental tuning to refine regularisation.

. Number of iterations with no change — stopping criterion for early stopping.

If the MSE does not improve for a specified number of consecutive iterations
(epochs), training is stopped.
Grid range: [5, 10, 20, 40]. The values were chosen experimentally to balance

early stopping responsiveness with allowing enough iterations for convergence.

. Network architecture — number and size of hidden layers, tuned to provide

sufficient capacity to capture complex relationships in the data while avoiding
unnecessary complexity.

Grid range: [(50,), (75,), (100,), (75, 40), (100, 50), (100, 100), (150, 75)].
The architectures were based on common practice for moderately complex
regression tasks, with additional configurations introduced through iterative

experimentation.

Learning rate — controls the step size of weight updates during training,
balancing convergence speed with stability.

Grid range: [0.0001, 0.001, 0.005, 0.01, 0.02]. The values were selected from
typical ranges for MLPs and validated through experimental trials to avoid

divergence (too high) or slow learning (too low).

. Maximum iterations (max_iter) — limits the number of training epochs to

ensure convergence without excessive computation.
Grid range: [1000, 3000, 5000, 8000, 10000]. The values were chosen to allow
sufficient training for complex architectures, with adjustments made based on

observed convergence behaviour.
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By comparing the RMSE values across the three datasets (training, testing, and
mean CV score), the best values for each hyperparameter were identified, and the
models’ accuracy and generalisation capability was evaluated. These are discussed
in the next section.

Final MLP hyperparameters and architecture

The MLP architecture and hyperparameters, which were implemented through
standard sklearn and keras Python libraries and illustrated in Figure 4.8, were chosen
via hyperparameter tuning through the grid search optimisation technique. The final
version of the MLP is the machine learning model in the MaLBEC. The optimised

architecture and parameters were:
e An input layer with 4 neurons
» Network architecture, two hidden layers with sizes (75, 40)
e An output layer with 11 neurons
 Activation function ReLU (default)
o Alpha of 0.12
« Initial learning rate of 0.01
o Number of iterations with no change set to 20
o Maximum iterations of 10,000 (with early stopping enabled),

 Solver of Adam (default in keras).

4.3 Results

4.3.1 Final MLP training, testing, and evaluation results

The RMSE was calculated for the training data, the test data, and for the mean
CV score data, for step six of the machine learning model selection process from
Section 2.3.2 and Figure 2.10. The results are shown in Table 4.3. To compare
differences between the mean CV score and the training and testing data, the
percentage difference, Equation 2.15, was used with the reference values as the

training and test data. Table 4.3 shows that overall the RMSE values are very small;
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Figure 4.8: The architecture of the MLP used in the MaLBEC, showing the input layer
with four neurons, two fully connected hidden layers with 75 and 40 neurons respectively,
and an output layer with 11 neurons [62]

the efficiency values are approximately 1 x 107* , so an RMSE of less than 1 x 107°
is desirable as this is within 10% of the true value and indicates strong predictive
accuracy in absolute terms. This low training RMSE suggests that the model fit
the training data well, but still performs very well on unseen data, as shown by
the low test RMSE. The training and testing RMSE are within the same order of
magnitude, which shows that the model is not overfitting and is able to generalise
to new data. The increase in RMSE between training and mean CV is expected,
as the training RMSE is often optimistic as the model sees those samples during
training and can adjust parameters to minimise the error on the dataset. In contrast,
the CV RMSE reflects out-of-sample performance, as each fold contains a held-out
subset of the data on which the model must predict previously unseen points. This
increase suggests that the model is not memorising the training data, but instead
learned patterns and performs consistently across the 10 different folds. The CV
RMSE is approximately 30% lower than the test RMSE (using the test value as
the baseline), indicating a modest increase in error on the testing set. While this
difference may reflect some sensitivity to data distribution, the test RMSE remains
within the same order of magnitude as training and CV and well below the target
efficiency scale. Therefore, the model demonstrates acceptable generalisation and

accuracy for practical use in this application.
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Table 4.3: The RMSE results for the training, testing and mean CV datasets, with a
percentage difference comparison

Training ~ Mean CV Testing % Diff CV % Diff CV
RMSE RMSE RMSE to Training to Testing

1.17x107° 1.61 x 107> 2.30 x 107° 38 30

The model converged (no further improvements to performance) at 159 iterations,
despite a maximum of 10,000 iterations being available, indicating efficient learning
and rapid stabilisation. The selected ‘strong’ alpha (0.12) is considerably higher
than typical defaults (e.g. 0.0001), indicating substantial loss regularisation was
applied to shrink weights and reduce model complexity. This is an important factor
in mitigating overfitting given the moderately large network architecture.

A final indication that the model performs well is the comparison of the actual
and predicted efficiency, on the training and test data. This comparison is shown in
Figure 4.9, in which both plots show a strong correlation around y = x, consistent
with the low RMSE values reported in Table 4.3. The few outliers on the test data
correspond to geometries not fully represented in the training set due to limitations
in the random generation of sample geometries (discussed in Section 4.4.1). This
highlights the importance of representative sampling but does not significantly impact
overall model performance. Further investigation into the outliers, for example by
analysing whether they correspond to particular parameter combinations such as
extreme density values or large source-to-detector distances, would provide further
insight into the specific limitations of the model and is identified as a direction
for future work. Despite these isolated cases, overall alignment indicates that the
model generalises effectively to unseen data and is suitable for practical use in this

application.

Final MLP uncertainty estimation

Machine learning models, such as the MLP within the MaLBEC, do not provide
intrinsic uncertainty estimates by default. To approximate the uncertainty of the
MaLBEC based efficiencies, the test set RMSE was used as an estimate of the
model’s absolute uncertainty, corresponding to one standard deviation (+10). This
RMSE value was then applied in Equation 4.4 to calculate the relative uncertainty
for each efficiency prediction. This approach assumes that the test set adequately
represents the operational range of sample geometries, meaning it is assumed that

the MLP has captured the signal (the true, structured relationship between input
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Figure 4.9: A plot showing the actual vs predicted efficiency values for the training data
(top/blue) and test data (bottom/pink), for all energies and samples) [62]

features and efficiency) very well. Under this assumption, the only remaining source
of uncertainty is random noise in the data. Random noise cannot be predicted by
any model because it is non-correlated and purely stochastic. Therefore, the RMSE
calculated on the test set mostly reflects this random noise, and in this ideal case
the RMSE is approximately equal to the true uncertainty due to noise. However, in
practice, the model may not perfectly learn the signal, especially if the training data
is limited or the model architecture is imperfect. This means the RMSE includes
both noise error and residual signal uncertainty. As a result, the RMSE is larger than
just the noise component, making it a conservative estimate that likely overstates
the uncertainty compared to the ideal case. While this conservatism is generally
desirable for validation purposes, it should be noted that this method provides
only an approximate uncertainty for the MaLBEC based efficiencies and should be
interpreted with caution, as MLP regressors do not inherently provide uncertainty

estimates.
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Once the MLP was optimised and shown to perform well on the training and
testing datasets, the next steps were to fully evaluate the final MLP. Four metrics
were used to compare the MaLBEC to a traditional method, in this case MCNP.
The metrics used and the results are discussed in detail in the following sections.
Where the percentage difference equation is used (Equation 2.15), the reference term
b is the value from MCNP.

4.3.2 Metric 1: Comparison of the efficiency values

For the first metric, a direct comparison of the efficiency values output from the
two methods was compared (the MaLBEC and MCNP) for the experimental steel
sample. The geometry of the experimental sample as modelled in the MCNP plotter
can be seen in Figure 4.10. For the MaLBEC, the sample dimensions were input

into the python script and all 11 efficiency values were produced as a .CSV and as a

|

Figure 4.10: A side-on view from the MCNP plotter, containing the Trans-SPEC HPGe
detector (total length of 41.5 cm) from Figure 4.4 and the experimental sample modelled
as a cylinder standing on its base, in green

plotted efficiency curve.

Metric 1 results

The efficiency curves for both methods, along with the residuals, are plotted in
Figure 4.11 for the steel sample. This shows the efficiency values and uncertainties
for each of the 12 energies - 11 efficiencies directly calculated from the relevant
method, plus an additional efficiency at 834 keV which was obtained using cubic
spline interpolation between the 661 keV and 1173 keV v rays. Cubic interpolation
was selected to better reflect the non-linear efficiency trend. As the 834 keV efficiency
value was not included for direct calculation in the training data for the MaLBEC,
it demonstrates that intermediate efficiencies can be accurately estimated without
training the model on every energy point. For the MCNP results, the efficiency at
834 keV was directly calculated in MCNP. The percentage difference between the
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two methods was, on average, approximately 6%, and all values are within 1 o. The
closeness of the curves in the efficiency plot, and the rapid decrease in percentage
difference in the residual plot further illustrates how well the MaLBEC performs
compared to MCNP at the energies above 100 keV, where the efficiencies all have
percentage difference of around 10% or significantly less. The curve highlights that
the lower energy efficiencies are less closely matched, with a percentage difference of
approximately 20% (but are still within 1 ¢, compared to the higher energies which
are much closer together). Although the MaLLBEC does not perform explicit physics
based modelling of air attenuation, it is trained on MCNP simulation data which
inherently accounts for air attenuation through detailed particle transport modelling.
The MaLBEC therefore implicitly learns these attenuation effects from the training
data. The positive bias observed at low energies may reflect the limitations of the
training data coverage at extreme parameter combinations, or the greater sensitivity
of low-energy efficiency predictions to small geometric variations that are harder
to fully represent in the training set. At intermediate energies (300-500 keV) both
models predict similar detector response, resulting in near-zero differences. The
impact of this is discussed in Section 4.4.1 and 4.4.1.

The absolute uncertainties reported for MCNP and the MaLBEC correspond to
relative uncertainties of approximately 4-8% for MCNP and 6-12% for the MaLBEC
across the energy range. Overall, the MaLBEC predictions are consistent with MCNP
within the stated uncertainty bounds, and the observed energy dependence reflects
expected physical behaviour. It is important to note that the MaLBEC was trained
on MCNP outputs and therefore any systematic bias or modelling limitation present
in MCNP will propagate into the MaLBEC predictions. This dependency reinforces
that the observed differences largely reflect the underlying physics and the reference

model assumptions rather than errors introduced by the machine learning approach.
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Figure 4.11: Metric 1 results (top): A comparison of the efficiency curves produced

by MCNP (black) and the MaLBEC (pink), for the steel sample y-ray spectrometry
measurement. The error bars represent +£1o0 uncertainties and the smooth curves are cubic

spline fits. The bottom panel shows residuals as percent difference [62]

4.3.3 Metric 2: Comparison of the activities

The second metric is a percentage difference comparison of the activities of the
relevant radionuclides from the steel sample as described in Section 4.2.1. The
calculated efficiencies from MCNP and the MaLBEC were used within the activity
Equation 2.9, whilst this is similar to metric one, it is intended to demonstrate how an
end user would apply the MaLBEC in practice. The absolute uncertainties provided
were calculated using Equation 2.13 and correspond to one standard deviation (1o).
The spectrum, from Figure 4.3, contained photopeaks expected from activated steel,

comprising NORM radionuclides and the activation products *Mn and ®Co (as

discussed in Section 2.2.7).

Metric 2 results
The results are shown in Table 4.4. The percentage difference is less than 3% for the

three energies that were investigated, and all activities are in agreement within their
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uncertainties. This level of agreement demonstrates excellent consistency between the
MaLBEC and MCNP at these energies and supports the validation of the MaLBEC
as a reliable tool for activity determination in fusion samples. These results are
expected because the percent difference reflects the efficiency variation, reporting
this metric illustrates its impact on the calculated activity and provides valuable

context for fusion sample measurements.

Table 4.4: Metric 2: Percentage difference for the steel sample using the efficiency from
MCNP and the MaLBEC, including uncertainties

MCNP
Nuclide  activity,
Bq

834 “Mn 999 x 102 1.09 x 102 1.00 x 10*  1.38 x 102 0.2
1173 0Co 214 x10% 2.09 x 10> 2.15x 10>  3.09 x 10? 0.8
1332 0Co 225 x10% 217 x10*> 231 x 10> 3.41 x 10? 2.7

OMCNP, ACtiVity
Bq % Diff

Energy,
keV

4.3.4 Metric 3: Computational speed comparison

The third metric is a comparison of the computational speed to calculate the efficiency
values for the steel sample, from the point of submission. This excludes the physical
model build time (the human effort) for either method as this is subjective, however,
an approximate estimate of the human effort has been included to enable broad
qualitative comparisons. For MCNP, the computational time was taken for each of
the 11 y-ray energies per geometry and summed (as these were 11 separate MCNP
files). The run time for MCNP is provided in the output files, in minutes, and is
dependent on the computational power of the machine used (the machine for this
work is described in Section 4.2.1). The run time for MCNP also depends on the
number of source particles used, this was set at number of particle histories (nps)
5 x 10° following the validation. For the MaLBEC, this was calculated as the time

taken from running the code to the results being produced for all 11 efficiencies.

Metric 3 results

The results are listed in Table 4.5. For the MaLBEC, the speed to get the efficiency
for all 11 energies, on a standard computer, was near instant and difficult to measure,
so for the comparison it was given the total value of one second (divided by 11 to
provide a value for each energy in Table 4.5). The MCNP results were generated

within around 40 minutes, using the UKAEA high-performance computing cluster.
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The MaLLBEC represents a reduction in computation time of over 99.96% (using
Equation 2.15). Although the nps in the MCNP input files influences runtime, the
reduction would need to be substantial to challenge the MaLBEC’s advantage. Even
a total runtime of six minutes (as an example) for MCNP would still represent
a reduction of over 99%, and lowering nps would increase MCNP uncertainties.
These results demonstrate a significant improvement in computational time for the
MaLBEC (not accounting for training time). To account for the human application
time, an estimate of 15 to 30 minutes is required for an MCNP expert user to create
a model. In contrast, the estimated time for an end user to generate an equivalent

model using the MaLLBEC is approximately 5 minutes.

Table 4.5: Metric 3: Comparison of runtime measurements for MCNP and the MaLBEC
for the 11 different energies for the steel sample

Energy, keV MOCNP Runtime, s

29 40.2 0.09
88 65.4 0.09
122 102.6 0.09
150 136.8 0.09
200 184.8 0.09
300 244.2 0.09
400 274.2 0.09
500 288.0 0.09
661 302.4 0.09
1173 334.2 0.09
1332 333.6 0.09
Total 2306.4 1

4.3.5 Metric 4: Method usability /simplicity comparison

The final metric was designed to compare the usability and simplicity of each method.
This was done by comparing the number of code or file edits required to produce
efficiency values for all 11 ~-ray energies of a new cylindrical sample (the steel
sample). For MCNP, this metric depends on how the MCNP file is created and
so in general is difficult to measure, but for this work it has been standardised by
utilising a template MCNP file for cylindrically shaped samples to enable a robust

comparison.
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Metric 4 results

For the MCNP files, 23 edits were required to set up the sample dimensions and
position, and a further three edits for each of the 11 y-ray energies. Therefore, to
obtain a full efficiency curve for a new sample, 56 edits were required. In contrast,
only four edits were required by the end user for the MaLBEC, once initial training
and validation had been performed. This represents a significant difference and

improvement of 93% for the MaLBEC, drastically improving usability.
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4.4 Summary

This chapter introduced a novel algorithm, the Machine Learning-Based Efficiency
Calculator (MaLBEC), which utilises state-of-the-art machine learning to calculate
the absolute detection efficiencies at 11 fusion relevant v-ray energies for a cylindrical
steel sample. The MaLBEC positively impacts the y-ray spectrometry process from
Section 2.2.2 and Figure 2.3, and was shown to excel in performance when compared
against MCNP using four metrics: efficiencies were within an average of 6% of MCNP
and are all within 1 o, activity calculations within 3%, computation time reduced
by over 99.96%, and with only four user inputs (sample density, height, radius,
and detector-to-sample distance) required compared to 56 code edits for MCNP.
When both computational and human application time are considered, the MaLBEC
provides efficiency values in approximately an order of magnitude faster than the
MCNP workflow, highlighting a significant overall improvement for the end user.
Combining the performance of all four metrics, the results show that the MaLBEC
offers an excellent balance of accuracy, extreme computational efficiency, and greatly
improved usability. These results confirm the MaLBEC as a robust alternative to
traditional methods, with its MLP regressor showing good generalisation to unseen
data and experimental validation without overfitting. This lowers the barrier for
end users of y-ray spectrometry to perform efficiency calculations independently of
costly, complex, or inaccessible traditional methods, that are instead performed at
an earlier training stage by experts.

By simplifying and accelerating efficiency calculations, the MaLBEC has the
potential to significantly improve fusion diagnostics and enable rapid analysis of
samples relevant to fusion calculations. As discussed in Section 4.1, a new method
to quickly, simply, accurately, and more automatically calculate efficiency values
has important applications in nuclear fusion research and waste/decommissioning
measurements. The information gathered from the example JDR waste sample in
this chapter provides vital insights for fusion research. For example, the v-ray data
can be used to infer the number of incident neutrons (neutron flux) during irradiation

[69], providing insights into fusion power.
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4.4 Summary

The research questions that were addressed in this chapter are listed below, and

how they were addressed is in pink:

1. Can the absolute efficiency calculation process be improved and simplified

(e.g. automated, sped-up, etc.), via state-of-the-art machine learning methods?

2. How does the novel machine learning method compare to a traditional method,
through comparing the efficiency values, the resulting activity calculations, the

computational speed, and the usability (e.g. simplicity of model creation)?

3. In what ways can any techniques produced in this work be used for real
world applications, and how can their effectiveness be demonstrated through

experimental validation?

4.4.1 Discussion

The first discussion point is that metric to evaluate the results (accuracy of the
efficiency results) shows larger discrepancies (10-20% Diff) at lower energies, likely
reflecting limitations in the modelling of detector response, which is particularly
complex in the low-energy region. However, all values remain within 1 o, suggesting

that the apparent disagreement is largely an artefact of the percent-difference metric
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itself. Percent difference becomes unstable at very small absolute efficiencies, where
even tiny absolute deviations produce large relative percentages.

A second discussion point is based around the training data used in the training of
the MLP within the MaLBEC. The data were simulated using MCNP, as thousands
of training data were required and this would be extremely difficult to gather
experimentally. However, this does create the issue that the MaLBEC will only be
as accurate as MCNP (the MCNP model used to create the data was shown to be
around 20% out from expected experimental results). For the proof of concept for
this novel method, this has been deemed acceptable, as the intention of this work
was to create a novel efficiency calculation method and use MCNP as a benchmark.
Work on improving MCNP models (or using a combination of different methods) is
treated separately to this thesis work, but is an important consideration for future
developments.

Similar to this, a third discussion point for future development for the MaLBEC
is reducing the dependency on MCNP for end users by making the algorithm more
detector agnostic. This could involve introducing additional input parameters, such
as detector crystal size and properties like the dead layer, so that the MaLBEC can
adapt to different detector configurations without requiring new MCNP simulations
for each case. While a validated Monte Carlo model (e.g. MCNP) would still
be needed for the initial training phase, which should be carried out by an expert,
subsequent applications for end users could be performed without further MCNP runs.
This improvement would not only enhance usability for fusion applications but also
make the MaLBEC more broadly applicable and useful in laboratory environments
where multiple different detector systems are used. Implementing this feature was
beyond the scope of this work, as a significant number of detectors would need to be
modelled and validated in MCNP, but represents a promising direction for future
development.

A fourth discussion point is that the lack of uncertainty estimation represents a
limitation of the current work, as uncertainty estimation would provide additional
confidence information, which would be valuable in a nuclear diagnostic context.
Incorporating uncertainty estimation is therefore identified as a direction for future
work.

A final discussion point is regarding the limited output of the MaLBEC. This is set
at 11 energies to cover a broad range of relevant energies, meaning any other energies
outside of these are required to be interpolated from the results, potentially reducing
the accuracy and limiting the usability of the results. This was done to reduce the

computation effort in generating training data (each new energy is required to be
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ran for each of the around 1300 training geometries), however further work could
limit the impact of this. One option for future work to improve this is to gather
training data across a greater number of discrete vy-ray energies, rather than at the
11 considered here. Currently, the sampling approach does not prioritise regions
where efficiency predictions are more sensitive to changes in geometry or energy. For
example, high-energy v rays measured at long distances may require less training
data than low-energy ~ rays measured close to the detector, where small variations
in geometry can have a large impact on efficiency. Implementing a more targeted
sampling strategy could improve model accuracy in the more sensitive regions. Whilst
future work could increase the usability of the algorithm, the interpolation method
is a commonly used method in the nuclear industry and so it was deemed suitable

for this work.
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Chapter 5
Conclusion

The overall question this thesis addresses is

The short answer to this question is yes. This work has demonstrated that machine
learning can be successfully integrated into y-ray spectrometry workflows, offering
improvements in accuracy, efficiency, and accessibility. Part of the success of inte-
grating machine learning into the v-ray spectrometry process is through the use of a
robust machine learning selection process, as presented in Section 2.3.2, applying
rigorous techniques and validation metrics to all stages. This thesis has demonstrated
that integrating machine learning into other areas of v-ray spectrometry is possible
through the development of two novel algorithms, validated using fusion related
sources or samples (samples activated within the JET fusion machine). To arrive
at this conclusion, two areas of y-ray spectrometry were identified as areas where
enhancement would be beneficial, each having unique challenges to overcome through-
out the process of developing the algorithms. These areas were reducing the Compton
scattering effect on spectra and improving the absolute efficiency calculation process.
This chapter summarises the journey taken in addressing the challenges and reflects
on the implications of the work. Although the core question of this thesis has been
answered, there is still promising developments to be undertaken, which will be
discussed as future directions.

For reducing the Compton scattering effect on spectra, a novel machine learning-
based algorithm was developed in Chapter 3: the Machine Learning-based Compton
Suppression Algorithm (MLCSA). This algorithm uses a convolutional neural network
(CNN), a form of artificial neural network (ANN), to categorise y-ray pulses from
Compton scatter events versus those corresponding to full photopeaks, thus enabling
the removal of Compton scatter events. The algorithm was validated using fusion

relevant y-ray sources to demonstrate a proof-of-concept. The MLCSA achieved a
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Compton continuum count reduction of around 97%, outperforming a traditional
hardware suppression system by around 10% under comparable conditions. Although
the Compton continuum was significantly reduced and low-energy photopeaks were
mostly preserved, counts in the higher energy photopeaks decreased by roughly 70%,
which is comparable to other suppression methods. When the MLCSA was applied to
evaluate improvements in the minimum detectable activity (MDA) for a low-energy
radionuclide, it achieved a 51% improvement, compared to 37% for an alternative
digital suppression method and 12% for a traditional hardware suppression system.
These results demonstrate that machine learning not only matches but can exceed
the performance of established techniques while offering greater flexibility. However,
the algorithm currently only works with three y-ray energies, a low-energy v ray and
two higher energy ~ rays, whereas fusion relevant samples typically have multiple
~v-ray energies present. Therefore, future work should focus on expanding the -
ray energies that the algorithm can process and evaluating its robustness under
mixed-radionuclide environments.

For improving the absolute efficiency calculation process, a novel machine learning-
based algorithm was developed in Chapter 4: the Machine Learning-based Efficiency
Calculator (MaLBEC). This algorithm uses a multilayer perceptron (MLP), a form
of artificial neural network (ANN), to predict efficiency values for y-ray energies for
a specific geometry. The MaLBEC was experimentally validated using a sample
that had been located within the JET fusion machine at the UKAEA for 40 years
and thus had been activated with fusion neutrons. The validation work showed
that the predicted efficiency values were within an average of approximately 6% of
those obtained using the Monte Carlo N-Particle (MCNP) method across the energy
range of 59-1400 keV. Computational time was reduced by roughly 99% compared
to MCNP simulations, and used only 4 lines of code compared to 56 in MCNP,
highlighting the potential for simple and rapid analysis in operational environments.
While the algorithm performed similarly to other methods, it is somewhat limited in
its application as only a set number of energies are provided as an output. Expansion
of the energy range would be valuable future work to enable broad laboratory-scale
applications.

Prior work in this area predominantly uses standard algorithms or physics-based
methods, these are often slow, complex, or difficult to access (licenses, export control,
training requirements, etc.). In contrast, the two algorithms developed here are in
the process of being made open access, Python-based, and thus more freely available
to the scientific community. As fusion progresses toward power producing machines

such as ITER and DEMO, ~-ray spectral analysis will be required on large scales
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to quickly evaluate the presence of 14.1 MeV fusion neutrons in an active reactor
environment. Equally, as current or past fusion machines (such as JET) enter
decommissioning, there will be large volumes of radioactive waste requiring efficient
processing. Therefore, the development of these algorithms has the potential to
transform current and future fusion operations by enabling faster, more accessible,
and more scalable analysis.

Beyond fusion, the implications of this work extend to other areas of the nuclear
industry, including fission radioactive waste characterisation and medical physics,
where ~-ray spectrometry is a cornerstone technique. Machine learning offers a
pathway to modernise these workflows (including all aspects of Section 2.2.2), reducing
reliance on resource intensive simulations and hardware solutions, thus paving the
way for v-ray spectrometry to be brought into the modern era. However, the
adoption of machine learning in nuclear contexts is not without challenges. One
critical consideration is the “black box” nature of many machine learning models.
Regulatory frameworks demand interpretability and traceability, particularly when
algorithms are used to inform safety critical decisions. Future work should therefore
incorporate explainable artificial intelligence (XAI) techniques, such as uncertainty
quantification, to satisfy these requirements and build confidence among stakeholders.
Additionally, validation against international standards and benchmarking across
diverse datasets will be essential for widespread acceptance.

In conclusion, this thesis provides a foundation for the integration of machine
learning into y-ray spectrometry processes, demonstrating clear benefits in accuracy,
efficiency, and accessibility. By addressing two critical challenges, Compton suppres-
sion and efficiency calculation, this work contributes novel tools that can accelerate
progress in nuclear fusion diagnostics and beyond. As fusion technology advances and
the nuclear industry faces increasing demands for rapid, reliable analysis, machine
learning offers a pathway to transformative change. The algorithms developed here
represent an initial step toward that future, where data driven methods complement

traditional physics based approaches to meet the evolving needs of science.
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Appendix A

Experimental equipment

specifications

A.1 The detector used in the MLCSA

The information and specifications for HPGe, BEGe, detector from the MLCSA
Chapter 3 are:

o Detector model - BE3825

o Serial number - b13135

o Crystal cooling - liquid nitrogen (77 K)
o Crystal diameter - 71 mm

o Crystal length - 26 mm

e End cap to crystal - 5 mm

o Absorbing layer - carbon epoxy, 0.6 mm
o Operating bias - positive 5000 V

« Relative efficiency - > 26%

o Measured energy resolution (FWHM) - 0.334 keV at 5.9 keV, 0.583 keV at
122 keV and 1.688 keV at 1332 keV

o Crystal type - p-type
o Crystal geometry - BEGe

e Preamplifier model - 2002C
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A.3 The detector used in the MaLBEC

A.2 Digitiser used in the MLCSA

The trigger settings for the Red Pitaya digitiser (from the MLCSA Chapter 3) were:

 Voltage range: (0, 20) V,

Voltage trigger: (-0.35, -0.4) V,

Trigger edge: positive,

Length of pulse collected: 200 ns.

Raw pulse polarity: positive

A.3 The detector used in the MaLBEC

The information and specifications for the HPGe, Trans-SPEC, detector from the
MalBEC Chapter 4 are:

e Serial number - 8142

» Crystal cooling - integrated Stirling-cycle mechanical cooler
o Crystal diameter - 66.5 mm

o Crystal length - 67.7 mm

o End cap-to-crystal distance - 10 mm

e Absorbing layer - aluminium 1.5 mm

o Absorbing layer - inactive germanium pm

o Operating bias - positive 4500 V

o Relative efficiency - > 50%

» Measured energy resolution (FWHM) - 1.45 keV at 60 keV, 1.57 keV at 122 keV
and 2.37 keV at 1332 keV

o Crystal type - p-type
e Crystal geometry - coaxial

o Weight - 11.1 kg
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