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Abstract

This work seeks to develop methods for the automated and rapid identification of sets of
unknown radioactive sources via gamma-ray spectrometry. The development, testing, and
integration of various tools into a simulator enabled high-fidelity modelling of radioactive
sources, shielding, and detection systems. Taking full advantage of this simulator, it served
to supply a rapid development environment for testing the reverse, where Radio-Isotope
[Dentification (RIID) algorithms analyse multi-isotope energy spectra to make predictions.
Historically, algorithms fail due to unexpected or large perturbations in the profile of these
spectra. For example, fluctuations in the detector gain from drifts in temperature or voltage
will change the calibration. Transient effects that alter spectra over time can be extremely
difficult to explicitly code, so a machine learning approach was taken to address such chal-
lenges. A Convolutional Neural Network (CNN) was designed and investigated to meet this
need in the RIID problem space. With a representative set of training data, these models
were seen to perform extremely well for making predictions on uncalibrated, multi-isotope
gamma spectra from Nal detectors perturbed by different source activities, environmental
background, low energy thresholds, and extremes in gain shifts. These models were also ap-
plied to the more challenging RIID conditions of heavy shielding and close geometries with

equally promising results.
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Chapter 1

Introduction

1.1 Overview

The Segre chart shows a summary of ~3300 nuclides known to physics, of which only 252
are stable. Stability is gained by releasing surplus energy as radiation. This may be achieved
through various decay mechanisms such as alpha or beta decay. Following radioactive decay,
daughter nuclei will often be in an excited state. The emission of gamma rays is an extremely
common way for these nuclei to lose internal energy and de-excite to their ground state. This
research focuses on the quantification and interpretation of gamma radiation.

Much like electrons, the quantised states of a nucleus exist at very specific energies. Since
these states are influenced by the nuclear structure (i.e. the precise arrangement of protons
and neutrons), every isotope is different. Gamma radiation is the result of transitions between
these well-defined energy states and is, therefore, unique to the isotope that produced it. The
goal of this research is to improve or develop new methods that use this ‘nuclear fingerprint’
to identify unknown radioactive material.

Gamma spectrometry is the quantitative measurement of gamma-ray sources. Energy
spectra are used to identify which radioactive sources are present. These are often produced
using High Purity Germanium (HPGe) solid-state detectors or Sodium Iodide (Nal) scintilla-
tors. A photon entering one of these detectors will interact and generate a signal proportional
to its energy (see Section 2.1). Collecting these data in a histogram, a spectrum is formed with
peaks that correspond to different photon energies. Identifications can be made by comparing
peak locations with known energy data. Even this simple analysis of gamma ray energies is
effective enough to be the basis of many Radio-Isotope IDentification (RIID) techniques.

RIID via gamma spectrometry effectively investigates the unique characteristics of a nu-



clide encoded within the long-range radiation. The relatively energetic gamma rays are highly
penetrating due to their uncharged nature. This makes it possible to robustly perform on-site
non-destructive assay of even sealed containers, removing any need for direct contact with
hazardous material. As such, the applications of RIID systems span a diverse range of sectors.
Perhaps the most obvious is security, and indeed much research is focused toward screening
for illicit material in the context of nuclear non-proliferation [3-7].

More broadly, applications touch any area that requires alarms and detection, identifi-
cation, and mapping [8]. Systems with RIID capability are incredibly useful in the decom-
missioning and management of nuclear waste, with legacy stockpiles filled with unknown
material that must be characterised. Rapid and automated identification is essential for
handing such large volumes efficiently. Handheld systems also play a crucial role in public
health and safety [9, 10]. First responders to sites of nuclear incidents can manage crises far
more effectively with accurate information on the nuclides involved. Large scale surveys can
also be conducted, though these remain a challenging problem [11].

Unfortunately, the manual interpretation of spectra is both time consuming and labour
intensive, so there has always been a drive to automate identification. Algorithms to automate
RIID have historically developed alongside advances in computing. For example, peak finding
algorithms were very quickly applied to Nal spectra [12] (Section 2.2.3). It is testament to
the robust nature of these detectors from the 1940s [13] that they remain one of the most
widely used today. Commercial availability of detectors like these has encouraged some degree
of consistency across the nuclear industry. This establishes a standard of well understood
hardware, which is excellent news for algorithm development.

The prevailing issue with the majority of historically used RIID algorithms is that they
often fail when small perturbations alter the calibration or profile of a spectrum. For example,
variations in temperature can misalign peaks, shifting them away from the calibrated energy
so that direct comparisons fail.

Recent decades have seen a move toward applying machine learning methods for RIID,
the history of which is discussed in Section 2.2.4. This mirrors a broader trend in physics as
machine learning techniques become more accessible. Interested readers should see a recent
review by Mehta et al. [14]. The ability to accommodate transient effects without being
explicitly programmed to do so is invaluable to RIID, and eventually became a focus of this

research.



1.2 Thesis work

In order to develop RIID algorithms that address the challenges of these applications, a
simulator was required to produce varied and realistic gamma-ray spectra that mimic a range
of conditions. The development, testing, and integration of various tools into this simulator
enabled high-fidelity modelling of radioactive sources, shielding, and detection systems.

Due to the broad scope of this research, and the potential for use in future projects, this
simulator must be as generalised as possible. The simulator was developed using GEometry
ANd Tracking (GEANT) [15], an open-source Monte-Carlo radiation transport framework.
Creation of synthetic spectra for a diverse range of conditions provides a rapid development
environment for investigating algorithms. It also enables the development and testing of
conditions for which experimental data are not readily accessible.

The prerequisite of a gamma spectrometry simulator for the testing of RIID methods
defines a clear progression for this thesis. After an overview of relevant background knowledge
in Chapter 2, Chapter 3 details the development of a generalised simulator that supplies
gamma spectra for a variety of conditions. Chapter 4 then discusses how these spectra were
pre-processed for investigating the RIID methods of Chapter 5.

For the simulator, solutions were implemented to reconstruct energy depositions so that
true coincidence summations could be handled accurately, and with minimal user interven-
tion. Additional work was carried out to handle timing information in the GEANT framework
without compromising precision. This not only increased the accuracy of summation peaks,
but expanded the simulator’s capability to include coincidence measurements with arrays of
multiple detectors.

A review of the literature and history of RIID automation certainly influenced the di-
rection of this open project. The advantages of using machine learning techniques in this
problem space were clear, with models beginning to demonstrate a level of flexibility that
surpasses traditional algorithms, without being explicitly programmed to do so [16-18]. The
slow progress of applying these techniques has seen a resurgence of interest in recent years
as open-source tools become more widely accessible. A type known as the Artificial Neural
Network (ANN) has remained the primary choice over almost three decades of research that
began with the work of Olmos et al. [19]. The work presented in this thesis takes a new
approach, basing models on a variant known as the Convolutional Neural Network (CNN).
The theory and benefits of using a CNN are discussed in detail in Section 2.3. This was
developed independently of other work at the time [20-22], and will elucidate the potential
for CNN models to surpass the computationally expensive ANN models.



Chapter 2

Theory

2.1 Radiation detection and measurement

Gamma radiation is a fundamental mechanism for losing surplus nuclear excitation energy.
It is the result of transitions between excited states of a nucleus. Much like electrons, the
protons and neutrons of the nucleus may be described as only occupying certain shells and
energy levels. The nucleus is excited when one or more nucleons jump to higher energy shells,
or when the nucleus as a whole has excess energy through vibrations or rotations.

The energy of an excited state is well-defined, but still has a finite width. The intrinsic

width is inversely related to the lifetime through the Heisenberg uncertainty principle,
h
OE X 0t > —, (2.1)
2

where 0FE may be taken as equivalent to an energy resolution, and 0t the mean lifetime.

Lifetime (7) can be expressed as a function of decay constant (A) or half-life (77 ,2) as

T=1/A="T55/In(2). (2.2)

The state width is broader for shorter lived states, but even the 0.9 ps [23] half-life of the
1333 keV state in ®°Co has a width of ~3x10~* eV. This is negligible in comparison to
the practical limitations of the detectors used, which often measure the result of statistical
fluctuations in units of kiloelecton volt (keV).

Of course, gamma radiation is not the only way that a nucleus can release surplus energy.
Internal conversion sometimes competes with gamma emission. Nuclear energy is transferred

directly to a bound electron, which is then ejected from the atom as a conversion electron.



One good example is 137Cs, which 3~ decays to populate the 662 keV state of 13"Ba around
95% of the time [24]. The only gamma transition from this state has a relative intensity of
85%. The “missing” 10% undergoes internal conversion instead, emitting near monoenergetic
electrons (assuming the energy depends only on the electron shells). The vacancy left will
induce the release of secondary radiation, as described in Section 2.1.1.

With any uncharged incident radiation, the immediate goal of a detector is to gener-
ate charged particles. Being charged, these signal carriers are considerably more effective at
depositing their full energy in a detector’s active region, where a measurable signal is pro-
duced. The following sections discuss various principles important for physically measuring

the energy of gamma rays emitted by a radioactive source.

2.1.1 Gamma interactions

There are several ways for a photon to interact once it enters a detector. A majority of
features seen in the energy spectrum can be attributed to a combination of three primary
mechanisms. These are, in order of probability with energy: the photoelectric effect, Compton
scattering, and pair production. Interactions are depicted in Figure 2.1.

It is worth noting that while other interactions such as Coherent (Rayleigh) scattering’

powmmmmmmmmemen...----- Photoelectric absorption
Compton scatter ----... T

Y
kY

Pair production ---:‘v‘ -----------

Detector

L
S -

Single annihilation

photon escape Positron annihilation

Figure 2.1: Representation of the main interaction mechanisms for photon detection.

! Coherent scattering neither ionises or excites the absorber atom. Only the direction of the incident photon
changes [25], with virtually no loss of energy after interacting coherently with all electrons in an atom. This
typically occurs at very low energies, but can become more prevalent in high Z detectors.
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are possible, the effects may be considered negligible for the applications of this research.

At lower photon energies, the photoelectric effect is dominant, especially in high-Z mate-
rials. In this interaction, the photon is completely absorbed by a bound inner electron. This
provides a two body system following the absorption, in which energy and momentum be-
come distributed between the ejected electron and a recoiling atom. Energy and momentum
are not simultaneously conserved for absorption with a free electron.

The ejected ‘photoelectron’ is emitted with energy E.- = E, — Epinging- An inner electron
absorption becomes increasingly likely with increasing photon energy. This is most often the
case in gamma spectroscopy, where the photon energies generally far exceed the binding
energy of most K-shell electrons. The recoil atom is left ionised after the interaction, so
secondary atomic effects such as characteristic X-rays and Auger electrons may be present
if the vacancy is not filled by capturing a free electron from surrounding material. The
proton number (Z) of the absorber atom also effects the probability of interaction, with
high 7Z materials increasing the likelihood of absorption. This trend is typically quoted in
terms of the photoelectric absorption probability (1) as 7 oc Z*/E3° [25, 26], though the
exponents vary slightly with photon energy. This is why high-7Z detectors, like scintillators,
are often chosen for gamma spectroscopy due to the much improved detection efficiency,
despite shortcomings in other areas such as resolution and timing response.

The probability of Compton scattering increases with photon energy. After scattering with
an electron, an incident photon will be deflected from its original path. The recoil electron
may possess a range of energies, spanning from virtually zero up to some maximum defined
by backscatter (photon scatter at 7 radians relative to the direction of incidence). Compton

scattering is described by

E
’2” (1 — cos())’

moc?

EI

(2.3)

where E and E’ are the photon energy before and after the scatter, and mg is the rest mass
of an electron. The varying deflection angle () results in a continuum of energies known as
the Compton continuum. If enough energy is imparted to a bound recoil electron, atoms can
be left ionised.

As photon energies increase further still, pair production begins to occur. Pair production
is only possible above a 1.022 MeV threshold. In this interaction, the photon is destroyed
to create an electron-positron pair. Any excess energy above the 2myc? minimum is carried
off as kinetic energy. To conserve both energy and momentum, the photon will interact in

the vicinity of a nucleus, imparting momentum to a recoil atom for full conservation. As



energy increases above ~2 MeV this process can start to be of more significance, producing
additional features in the energy spectrum such as escape peaks (see Figure 2.1).

All of these interactions end up transferring the photon energy to fast electrons at some
point, often leaving atoms in an excited state. To gain stability, an atom with a vacancy
can rearrange its electrons from other energy levels. For example, a characteristic X-ray is
often emitted when an outer electron de-excites to fill the vacancy. Alternatively, the excess
excitation energy may be transferred directly to one of the outer electrons, which is ejected
and known as an Auger electron. These secondary radiations are quickly reabsorbed.

The photoelectric effect, Compton scattering, and pair production provide multiple in-
teraction mechanisms for converting a photon’s energy into charged particles (very often
fast electrons). The next section looks at how these secondary electrons interact with the

detection medium to produce a measurable signal.

2.1.2 Detection and measurement

Again, the fundamental role of any gamma detector is to generate secondary charged
particles to act as signal carriers. These charged particles are extremely ionising and rapidly
deposit their full energy within the detection medium. Two of the most ubiquitous detectors in
gamma spectrometry are the HPGe and Nal detectors. Radiation is detected via interactions
with the crystals of both, though the method of charge collection varies.

Free, neutral atoms have a precisely defined electronic arrangement. When combined into
a crystal structure, the collection of atoms establishes allowed energy bands. The outer-shell
electrons bound to atoms in the lattice occupy the valence band. The next available energy
state above this is the conduction band, where electrons are free to migrate through the crystal
and contribute to the conductivity. The two are separated by a forbidden region known as
the band gap with energy (Ey,,). This is represented in Figure 2.2 for both insulators and
semiconductors.

For electrons to migrate through the material they must overcome the band gap energy to
reach the conduction band. When an electron is promoted to the conduction band, a vacancy
known as a ‘hole’ is left in the valence band. Holes are also mobile, and are effectively
positively charged. When an electric field is applied to a semiconductor, electrons and holes
drift to their respective contacts. They each contribute to the conductivity since both are
charged. The semiconductor (or ‘solid-state’) detectors make use of this property to collect
the electron-hole pairs and produce a signal. As the most direct method of charge collection,

these are discussed first.
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Figure 2.2: Diagram of the electron structure of insulators and semiconductors. Blue shading
indicates initial electron occupancy. Representations of the relevant mechanisms for radiation
detection are highlighted appropriately for each. These are the de-excitation of electrons in
scintillators, which are insulators, and the collection of charge carriers in semiconductors
under an applied electric field.

Solid-state detectors

A photon absorbed in the detector results in a fast electron that far exceeds band gap
energies. This induces many excitations along its trajectory by imparting kinetic energy to
electrons in the valence band. This can, and often does, promote an inner-shell electron well
above the base of the condition band. The ensuing redistribution of the electron-hole pair
induces further excitations as they move to the bottom and top of conduction and valence
bands respectively. Note that the electron-hole pairs are formed within a few picoseconds
along the particle track [25], an important simplification in simulations later.

The important value is the ionisation energy (), taking an average of 3 eV to create
an electron-hole pair in silicon and germanium. This is largely independent of the incident
radiation energy, so the number of signal carriers produced can be considered directly pro-
portional. If the ionisation energy is the average energy taken to create an electron-hole pair,

then the number of pairs produced (n) is a function of gamma energy (FE) absorbed.



n=E/I (2.4)

This direct relation is excellent for measurements, and n becomes extremely important
to energy resolution. With an incident photon converted into many electron-hole pairs, the
goal is now to integrate this charge and extract the electrical signal from the crystal.

By adding impurities into the crystal lattice, donor and acceptor sites can create states
close to the conduction and valence bands. This changes the band structure slightly, with
adjustments made through impurities known as doping. A ‘p-type’ has an excess of holes,
while ‘n-type’ has an excess of electrons.

Semiconductor gamma detectors rely on what happens when p and n types are placed in
contact. These are usually grown in place by evaporation and diffusion or ion implantation
to make a single crystal. Where they meet becomes a p-n junction, as shown in Figure 2.3.
Electrons and holes diffuse even under thermal influence, with electrons drifting to the p
side and vice versa, annihilating when they meet in the middle. The result is known as the
‘depletion region’, where charge carriers have cancelled each other out.

Incident

photon

p-type n-type

Depletion region

+

-1
'
Figure 2.3: Diagram of a simplified p-n junction. Incident radiation eventually results in

electron-hole pairs, which are swept toward their respective contacts by an applied electric
field. The movement of charged particles constitutes a basic electrical signal.

The depletion region has very attractive properties for radiation detection. It is this area
that forms the active region of the detector. While initially very thin, applying a voltage

across the material extends this to a thickness (d) as:
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where V' is an applied ‘reverse bias’, N is the net impurity concentration, € is the dielectric
constant, and e the electron charge. If the p side is made negative with respect to the n
side then the junction is reverse biased, enhancing the natural potential difference across the
junction.

Given the range of gamma rays in the detector, the depletion region is typically extended
across the whole crystal. The steady equilibrium of the depletion region is only significantly
disrupted by incident radiation, with electrons and holes swept toward their respective con-
tacts by the applied field. This motion constitutes a basic electrical signal for measurement,
with charge converted into a voltage pulse by a preamplifier.

For the coaxial HPGe detectors used, a n' (heavily doped n) contact is made with lithium
diffusion on the inside, high-purity n-type in the middle, and a p™ outer contact made by
implanting boron. These contacts are dead layers that do not contribute to the active region
of the detector.

The time taken for electron-hole pairs to reach the contacts is the charge collection time.
This depends on carrier mobility in the applied field, and their position of origin. The differ-
ence in electron and hole mobilities is only a factor of ~2-3 [25, 27|, with holes being slower.
These are almost constant in low fields, but reach a saturation velocity in larger fields.

The shape of the signal’s rising edge depends on the position of the pair, as one almost
always arrives sooner than the other. Since these detectors rely on full current integration of
the pair, integration times must therefore be long enough to accommodate both.

Of course, not just any semiconductor material will work. For practical use, it must have
good carrier mobility and no traps to stop them reaching contacts. This means using a high
purity material in as perfect a crystalline state as possible. Combining this constraint with
the need for a high Z material that is manufacturable to such specifications - while remaining
commercially viable - leaves few candidates. These are materials like silicon, germanium, and
the newer Cadmium Zinc Telluride (CZT). The large crystal size, excellent carrier mobilities,
and larger 7 really set apart the germanium detectors used in this research. The much
smaller band gap of 0.7 eV [25] does mean that thermal excitations constantly produce noise,
so a HPGe detector must be cooled to around 77 K with liquid nitrogen. As discussed in
Section 2.2.1, this is one of many concerns for pragmatic, large-scale deployment of RIID
systems due to the cost of maintenance. Scintillation detectors therefore remain a crucial

mainstay of the nuclear industry.
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Scintillation detectors

Since their inception, Nal scintillation detectors have become a cornerstone of gamma
spectrometry, quite literally setting the standard. Manufacturing processes are refined to the
point that very large crystals are possible while remaining relatively inexpensive. Scintillators
such as Nal are insulators, so while the creation of charge carriers is the same process as with
semiconductor detectors, the charge collection differs. Unfortunately, to the detriment of
energy resolution, there is a rather long and inefficient signal chain involved.

Following absorption of an incident photon, energetic electrons are ejected from an atom
in the crystal. Again, excitations are induced as it passes through the band structure of the
crystal, exciting electrons from the valence band into the conduction band. These electrons
rapidly reduce to the lowest conduction band energy, preferentially via phonon interactions. In
this case, de-excitation is allowed to occur across the forbidden gap, resulting in the emission
of photons as scintillation light. This light has energies near, if not in, visible wavelengths.
This process is highlighted in the insulator schematic of Figure 2.2.

The issue with this process is that these photons have the perfect energy for immediate
reabsorption, drastically reducing the light yield as a consequence. Crystals therefore need to
be as transparent as possible to their own the scintillation light. By including an ‘activator’
the wavelength of these photons may be increased.

An activator dopant provides additional states in the forbidden gap of the crystal. With
these, an electron at the bottom of the conduction band will preferentially lose energy via
phonon interactions to reach an activator level, which generally sits just below the conduction
band. De-exciation from one of these sites will emit a photon with energy below the threshold
necessary for reabsorption. A thalium dopant is often used in Nal with concentrations of
~0.1%. De-excitation through these sites produces scintillation light of 410 nm compared
to the ~320 nm of intrinsic Nal [13]. The choice of dopant is somewhat limited to what is
chemically viable for substitutions. For example, lanthanum halide detectors such as LaBrs
have a cerium activator, shifting the ~360 nm [28-32] emission spectrum well below the
band-gap energy.

Scintillation light, now able to pass though the crystal, must be converted into a measur-
able signal. This task typically falls to a Photomultiplier Tube (PMT), depicted in Figure 2.4.
These are important to understand as they are often the cause of many transient effects that
RIID algorithms have difficulty with, such as gain shifts.

Photoelectric absorption at the photocathode of a PMT converts the scintillation light
into photoelectrons. The PMT is paired with the crystal to maximise efficiency, with the
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Figure 2.4: Diagram of a Photomultiplier Tube (PMT), used to convert scintillation light
into a measurable signal. The small number of photoelectrons is multiplied through a dynode
array, with an accelerating potential between each dynode.

photocathode well matched to visible or UV scintillation wavelengths. Efficiency is diminished
somewhat by the workfunction of the surface barrier, which is a potential barrier between
the cathode surface and vacuum. An electron must therefore exceed this minimum energy in
order to escape the surface. The position of the electron will increase the amount of energy
needed, as those produced deeper in the photocathode suffer losses via collisions during
migration to the surface. A compromise exists between ensuring a photocathode is thick
enough to absorb scintillation light, while remaining thin enough to allow photoelectrons to
escape. The result is often a very thin (extending to ~25 nm for some semiconductors [25])
photocathode that is semi-transparent, with the conversion quantum efficiency limited to a
demonstrated maximum of around 20-30% [25].

A low surface barrier makes thermionic noise relatively unavoidable. Electrons in the
conduction band have an inherent kinetic energy of ~0.025 eV. However, the tail of the
energy distribution allows the upper extreme to exceed the potential barrier, contributing to a
spontaneously induced signal. This is roughly ~ 10> m~2 s~! depending on the characteristics
and bias of the PMT [25, 26].

The semi-transparency and low conversion efficiency mean that the signal consists of
very few (~ 10%) photoelectrons at this stage. A dynode array beyond the photocathode
multiplies the number of electrons, initially directed by focusing electrodes. The first dynode
has a positive bias relative to the photocathode, accelerating ~1 eV photoelectrons to strike
its surface. Appropriate dynode material permits the re-emission of multiple electrons as they
are excited by the passage of the accelerated photoelectrons. Most are trapped, but enough

escape to contribute to the yield. A series of dynodes achieves gains of the order 106 — 101°.
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The final number of electrons is often linearly proportional in its amplification, and much
of the timing information is maintained. Interestingly, emission times of electrons are 0.1 ns
or less [25], so it is the electron trajectory that becomes the dominant factor for timing
characteristics.

The number of electrons propagated through the PMT is discrete and subject to random
fluctuations. Assuming the formation of photoelectrons is a Poisson process, an average total
of N electrons will have a standard deviation /N from purely statistical fluctuations. With
N being large, the signal is approximately Gaussian, and produces wider peaks in the energy
spectra. This important effect is known as Gaussian Energy Broadening (GEB).

The relatively low light yield and a particularly poor conversion efficiency at the PMT
contribute to a sub-optimal energy resolution. Scintillators are therefore far more limited by
counting statistics than semiconductor detectors. Newer scintillation crystals such as LaBrs
are slightly better, improving on Nal’s resolution of ~6% for the standard '*"Cs peak to
resolutions of ~2-3%. By comparison, HPGe can achieve resolutions below 0.5% to produce
excellent quality energy spectra. These resolutions are calculated as the Full Width Half
Maximum (FWHM) of a peak divided by its centroid energy.

Note that increases in environmental temperatures will induce more thermal noise in the
PMT, providing extra energy for escaping the dynodes. This increases the yield of secondary
electrons to be amplified, changing the overall gain. Increasing the accelerating potential
between dynodes will also produce more secondary electrons, resulting in another gain shift.
While the exact processes may differ between detectors, all energy spectra can suffer from

these effects that are very detrimental to RIID.

2.1.3 Energy spectra

The features of energy spectra may be understood by bringing together properties of the
detectors and the interaction mechanisms involved. Most are summarised in the exaggerated
representations of Figure 2.5. Arguably, the most important feature of an energy spectrum
is the full energy peak. This would ideally present as a delta function at a single, well-
defined position. In reality, this peak is influenced by charge collection statistics — typically
most prominent in scintillators [25, 27] — along with electronic noise and drifts in operating
parameters during an experiment.

Of course, the interaction mechanisms of Section 2.1.1 often result in only partial deposi-
tion of the full energy. The finite size of the detectors makes the escape of secondary electrons

and photons unavoidable.
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Figure 2.5: Schematic of key features that may be present in an energy spectrum.

There are times when an inner vacancy left after photoelectric absorption will not be
filled by a free electron from the crystal. Instead, this vacancy may be filled by an electron
from a higher orbital of the excited atom, emitting a characteristic X-ray. This is a desirable
property when using Moseley’s law [33] to identify elements, but in these detectors the X-
ray may escape, presenting as another peak at Fy,; — Ex_,qy. Alternatively, the excitation
energy may be transferred directly to an Auger electron. However, the mean free path of an
electron in these crystals is incredibly short and will deposit its full energy without escaping.

One of the most recognisable and significant features of a spectrum is a consequence of
a photon escaping after a single Compton scatter. The recoil electron may have a range of
energies from virtually zero up to a maximum following backscatter?. Equation 2.3 describes
the energy loss after a Compton scatter. The range of potential energies is a continuum as
the deflection angle (6) varies from almost zero, where there is virtually no change, up to a
maximum energy that is imparted to the recoil electron after scattering through 7 radians.
This maximum is seen as the ‘Compton edge’ of Figure 2.5. Of course, multiple scatters can
increase the energy deposited beyond this maximum, closer to the full energy peak.

Following pair production, the electron will usually deposit its full energy, but the anni-
hilation photons have a lower interaction probability and thus a greater chance of escaping.

Both annihilation photons have an energy of ~511 keV, so if one or both photons escape the

2Not to be confused with the cause of the ‘backscatter peak’ where photons are scattered back into the
detector following interactions with surrounding materials
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result is seen as a ‘single’ (Ef,; — 511 keV) or ‘double’ (Ey,; — 1022 keV) escape peak.

Summation effects can be caused by isotopes that emit multiple gamma rays in cascade
during the decay. These are effectively in coincidence and arrive at the detector almost simul-
taneously. The textbook case of ®°Co is a prime example, with the summation of 1.17 MeV
and 1.33 MeV gammas forming a sum peak at 2.5 MeV. This is known as a true coincidence
summation. Random events where multiple photons arrive at the same time from different
nuclides or extraneous sources are also possible, but generally only becomes a consideration
at high activities.

To this point, features of the energy spectra have originated from interactions within the
detector. There are always external processes to be considered. The surrounding materials
such as shielding and detector housing may influence spectra in several ways. For example,
a Compton scattered photon may be redirected back into the detector. The result is an
important feature known as the backscatter peak, typically presenting around ~200 keV on
the existing Compton continuum. It is formed due to a relatively large range of scattering
angles close to 180 degrees (beyond ~110°) [25] resulting in a small range of energies. It
presents as a largely localised feature because of this, but remains less of a peak and more
of a continuum, since energy lost before entering the detector still has the distribution of

Equation 2.3.

Compton scatter ----..__

External materials
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Extra gamma photon
Extra X-ray photon
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followed by characteristic
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Pair production --- Positron annihilation

Figure 2.6: Diagram of external interactions that result in other key features of the energy
spectrum. The external materials are not simply the detector itself, but anything in sur-
rounding environment such as walls, benches, and shielding.
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Characteristic X-rays are also fairly common if source photons are well matched to K-
shell transitions, resulting in additional low-energy X-ray peaks. Of course, the reverse is also
true, where X-rays produced at the periphery may leave the active region without interacting,
resulting in an X-ray escape peak.

Pair production in the surrounding materials is always possible and the annihilation
photons may enter the detector, which further contribute to a peak at 511 keV. This can be
especially undesirable if annihilation photons from 5% decays are a focus of an investigation,
such as those involving coincidence measurements. Note that it is usually impossible for both
annihilation photons from a single event to enter the detector at the same time to result in
a 1.022 MeV peak since the annihilation photons are emitted back-to-back.

Under circumstances where electrons are likely to reach the detector, such as in a vacuum,
internal conversion in the decay chain of a source can cause peaks close to the energy expected
from the gamma emissions. One notable example is *"Cs. After a S~ decay, the resulting
137Ba nucleus will either de-excite by emitting a photon, or, more rarely, transfer its energy
directly to an electron through internal conversion. This fast electron will be emitted with an
energy o — Ebinding depending on the energy state, and will produce discrete peaks based on
their origin (eg: K and L shells give 624 keV and 656 keV emissions respectively [24]). An even
rarer mechanism is pair production directly from the excitation energy of the nucleus, but as
expected this only occurs at very high excitation energies. Note that this is a phenomenon
of itself and different to spontaneous pair production from high energy photons.

Beyond the sources of interest there may also be environmental sources of background
radiation such as Naturally Occurring Radioactive Material (NORM) or even cosmic rays,
though under normal experimental conditions these are far too energetic to interact at any
significant rate if at all. Due to these being sources like any other, the result is that extra
peaks and all their associated features underlay the data of interest. In-depth discussions of
NORM are confined to Sections 2.2.2 and 3.2.3.

For radiation detection and measurement there are many mechanisms and physical effects
that go into creating a measurable signal. These often interconnected effects result in a range
of features, building up the nuclear fingerprint to identify the sources present. With so much
information packed into a spectrum, it becomes challenging for RIID algorithms to separate
them out and relate certain features to any one source. The next section discusses the aims of
RIID and how the effects described here can cause them to fail, ending with what approaches

researchers have previously adopted.
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2.2 Radio-isotope identification

The subject of Radio-Isotope IDentification (RIID) algorithms often covers techniques
designed to identify radioactive material using gamma spectrometry. Ideally these are au-
tomated as far as possible to remove some of the burden placed on trained experts. In the
following sections, the challenges of effective RIID are discussed, as are various approaches

that have proven more successful in the past.

2.2.1 Aims of RIID

Humans generally outperform algorithms without contest when it comes to characterising
radioactive material [8]. Trained spectroscopists are frequently required to conduct secondary
analysis to resolve ambiguous or unreliable predictions [5]. They are capable of identifying
multiple sources with low resolution systems and, most importantly, can accommodate un-
expected changes. Addressing this need to handle unexpected perturbations to the profile of
spectra is crucial to narrowing the current disparity in performance.

For security in particular, agencies rely heavily on low resolution systems such as Nal and
PolyVinyl Toluene (PVT) detectors [5]. This contributes to the fact that a vast majority of
all alarms are labelled as ‘nuisance’ alarms due to NORM and medical isotopes [3, 7]. One
solution would be to use high resolution HPGe detectors everywhere and have vehicles or
packages sit between detectors all day to collect excellent spectra. Obviously this is completely
impractical, highlighting the need for considerations outside of the technical (Sec. 2.2.2). Any
system must keep in mind the realities of deployment, where the commercial availability and
robustness of existing hardware cannot be ignored. For example, small collection times with
unfavourable detector coverage will result in relatively few counts, and smaller features that
may be used as key identifiers are quickly lost to noise. Ideally then, a RIID system aims to
work within the constraints imposed by practical use.

Of course, bespoke solutions will always outperform the generalised. However, if the un-
derlying techniques are flexible, specialisation can be more easily incorporated by building
upon a generalised solution. A good RIID system will therefore be adaptable to the needs of
the situation. For example, by tweaking the final layer of a neural network, its purpose can
change. With this, a classification problem such as isotope identification could be repurposed
to solve a regression problem to estimate activities. Whatever the case, any information con-
veyed to the user should also be clearly interpretable by a non-expert and indicate a level of
confidence [34].
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There are always compromises to be made for the pragmatic deployment of RIID systems.
It is an unavoidable reality that the algorithms must aim to handle perturbations in the
spectrum profile, be flexible to the goals the system, and be fast enough to handle a reasonable
throughput. Understanding operational constraints and working toward these broader aims

is key to producing truly effective algorithms.

2.2.2 Technical considerations

The question of ‘what radioactive source is present?’ is a simple concept that RIID at-
tempts to solve. As discussed, addressing the broader aims of what a RIID system should be
capable of already introduces several practical limitations. However, the fundamental problem
systems face is the sheer number of unknowns. So much can change the profile of a spec-
trum that it becomes impossible to explicitly code a comprehensive solution. The following
discussion considers technical and physical effects that cause many algorithms to fail.

Starting with what is known, commercial viability dictates the landscape of RIID systems
almost entirely, with PVT, Nal, and HPGe detectors being the most common. This is good
for algorithm development because it introduces a certain level of hardware standardisation,
where the detector characteristics are well known. Efficiency, resolution, and operational
constraints can all be accounted for and included as part of the algorithm if necessary.

The greatest of all unknowns are the physical effects that may change unexpectedly over
time, or between measurements. These transient effects include gain shift, where fluctuations
in temperature or applied bias will cause several issues. Over small fluctuations the energy
calibration will change, while at extremes there may be several detector-specific effects. For
example, a HPGe detector at room temperature is entirely dominated by thermal noise, and
lower voltages would cause resolution to suffer as information carries are increasingly lost to
incomplete charge collection.

On the subject of the detectors, common issues with the electronic signal chain can
include pile-up or dead time. Of course, for RIID this is generally a non-issue because they
are only non-negligible at high activities. Security applications would immediately flag this
for inspection, and any other application can simply reduce the solid angle by moving a little
further away. While high activities may not be a practical concern, low activities certainly
are. In order to collect a spectrum as quickly as possible, the detector should be as close
as possible. However, this introduces additional features from closely timed decay emissions
called summation peaks. Accurately representing these in simulations became a significant

focus of this work, as discussed in Section 3.2.4.
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Other experimental practicalities must also be accounted for, such as setting low energy
discrimination to cut off low-level noise. Even the detector size will change the profile of the
Compton continuum and how prevalent escape peaks are.

External influences from the environment can also have a large role to play. Shielding in
particular is a huge problem for RIID. As discussed in Section 2.1, any material between the
source and detector typically causes a significant loss of information. The low energy peaks
are attenuated to the point of being lost, and backscatter imposes a large continuum around
~200 keV that changes the profile considerably.

Finally, there is the issue of dealing with unknowns that can not be reliably predicted. The
background radiation for example. Contributions from ?*¥U, #2Th, and “°K are foreseeable
assuming secular equilibrium and typical concentrations, but these nuclides are embedded in
various materials surrounding the system and are inherently shielded to some extent. This
makes even NORM difficult to predict with much accuracy because low-energy attenuation
will depend on how deeply nuclides are embedded and in what material. On top of this, the
profile is further altered by variations in backscatter for different RIID conditions.

There may then also be non-NORM sources present in the background. For example, the
experimental data used included '*"Cs from a source cupboard ~10 m away. Negligible for
Nal, but HPGe spectra demonstrate a clear enough photopeak among the #*%U and 232Th
emissions. Another peak at 2.2 MeV with associated escape peaks was also present due to a
neutron bath in the same laboratory®. This highlights the possibility of activations further
contributing to the background, and is particularly true of active interrogation methods [35]
where a sample is intentionally bombarded with neutrons or photons to induce fission.

Collecting all of these considerations together, it becomes clear why the question ‘what
radioactive source is present?’ has a non-trivial answer. RIID systems need to be able to
handle changes to the spectra due to transient effects and the local environment. The same
collection of sources can produce drastically different spectra, and not accommodating certain
effects is why many algorithms fail. Some of these techniques are described in Section 2.2.3.
By keeping these technical considerations in mind, the root of any difficulties faced often

becomes clear.

3An Am-Be source is located at the centre of a water tank. The o emitted during 2*' Am decay is captured
by ?Be, resulting in '2C+n. The fast neutron quickly slows to thermal energies and is captured by 'H in the
water to make 2H. The deuteron binding energy is 2.2 MeV, which is released as the gamma seen.
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2.2.3 Algorithmic methods overview

The vast majority of algorithms need a library of spectra or tabulated data to compare
against. The main RIID approaches have historically covered: manual identification, simple
library comparisons, Region of Interest (ROI) methods, template matching, and peak finding
algorithms [6].

Manual identification by experts will always be required at some stage, whatever the
application. Here, a trained spectroscopist will analyse spectra by identifying prominent
photopeaks, making their own corrections for branching ratios and efficiencies. Crucially, the
spectroscopist can use deductive reasoning and draw on experience to handle the unexpected.
This is the most time- and labour-intensive method, but necessary nonetheless.

Library comparisons attempt to automate the most basic part of what an expert does,
where the centroid of each peak is found automatically and compared to a library, ignoring
additional information such as area or FWHM. This is extremely sensitive to the calibration.
Any drifts will quickly throw off the identification, as will any missing peaks due to high
background, shielding, or a failure to find important peaks.

ROI methods find the total number of counts in a series of small regions. Identifications are
made by considering the difference between these and the net counts of a baseline background.
Any regions with elevated counts are then checked against expectations for different isotopes.
Unfortunately, overlap between isotopes is an issue. Specified ROls are stored for every nuclide
of interest, but since they cannot overlap the library size is quickly limited*. The upside is
that the method is computationally cheap, so it is often used for gross count alarms instead.

Template matching uses the whole spectrum, fitting the experimental spectrum with
every template contained within its library to look for the most similar. There are many
templates where factors like detection medium, shielding, and distances are varied for each
isotope. Of course, this is also limited in that source mixtures vastly increase the number of
templates needed due to many possible combinations, making it difficult to scale into a more
comprehensive library.

Finally, there is peak finding and characterisation. Much like the basic library comparison,
this attempts to emulate the expert’s use of key information. Smoothing is applied before
automatically finding and fitting peaks to get the number of counts, FWHM, and centroid.
These data are used together in an extension of the centroid-only library comparison. How-

ever, the matching of several peaks to a single isotope becomes a greater challenge because

4One example for security is that there is clear overlap in the 378.5 keV and 413.66 keV peaks of '7"Lu
and the 375.0 keV and 413.69 keV peaks of 2**Pu
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the algorithm needs to know relative intensities and the detector efficiency curve in order to
use them. This is again very sensitive to calibration shifts.

The common theme when examining any of these approaches is that they are rigid in their
scope of applications. They are sensitive to transient effects and often unable to adapt to
situations outside of narrowly defined conditions. On top of all the code needed for comparing
data or looking up libraries, it becomes a monumental task to be able to explicitly handle
all the possible combinations of unknowns. So how best to handle different activities, or
shielding, or summation, or escape peaks? These questions have driven interest in machine

learning approaches, which generalise without being explicitly programmed to do so.

2.2.4 Machine learning in RIID

Neural networks are the most promising type of machine learning for the RIID problem
space when it comes to gamma spectrometry. While models such as random forest, k-nearest
neighbour, and support vector machines are sometimes seen, they appear to be less consistent
and less accurate in a like-for-like comparison [21]. These models look for clusters of correlated
features which usually requires preprocessing to manually extract them. Data can also become
biased depending on the algorithms used. As such, the discussion that follows focuses on only

neural network based approaches.

Early work 1991-2002

Algorithmic methods for the RIID challenges have been around for as long as gamma
detectors [12]. It was not until the early 90’s that a machine learning model was first applied
to nuclide identification by Olmos et al. [19]. This was around the time that processors
were up to the task of handling something with the complexity of a neural network. The
common theme throughout almost three decades of development is the near exclusive use of
fully-connected Artificial Neural Networks (ANN), shown in Figure 2.7 (see Section 2.3 for
details). This initial work states that “Preliminary results are good enough to consider these
adaptive structures as powerful and simple tools in the automatic spectrum analysis”, paving
the way for further development. The work looked at Nal and Ge(Li) for combinations of

four simple radioisotopes, taking the raw 1024-channel data as input.
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Figure 2.7: Example Artificial Neural Network (ANN) structure for gamma spectra. Every
channel’s intensity in a spectrum is connected to all X nodes of the first fully-connected or
‘dense’ layer. The X outputs are, in turn, connected to the N nodes of the next layer, before
finally making a prediction. Since every connection has trainable parameters that must be
optimised, ANNs rapidly increase in complexity with the number of layers and the number
of nodes per layer.

The original paper was quickly followed up with a deeper look into lower resolution
performance [36]. This time the focus was classification into distinct mixtures of radioisotopes,
finding accuracies comparable to those of algorithmic methods. A further study looked into
the issue of gain shifts due to temperature or voltage transients [37]. Small shifts were added
in post-processing, and demonstrated that by including drifted spectra in the training sets,
the models could be made more generalised.

The Olmos et al. work was built on by several groups in the late 90’s [38-41]. Keller
et al. [38] focused on applying an ANN to waste handling that included some RIID for
the gamma spectra. Interestingly the network was a very simple linear ANN that had no
hidden layers; the input nodes were fully connected to the output nodes. Spectra rebinned
to 512 channels were used as training data in an attempt to minimise the number of training
parameters. However, this meant very good input data were necessary for training because
the model became sensitive to any deviations from the ideal template.

Vigneron et al. [40] took a different approach to keep the input vector small. The 4096-
channel HPGe spectra were reduced to just six input features with Principle Component
Analysis (PCA), greatly cutting down the number of connections needed between layers.
Training and test sets were highly specialised and had limited available data, possibly driving

their advocation for bespoke solutions.

22



Continuing this group’s work, Pilato et al. [42] applied the ANN to finding activities.
A set of 12 predefined Regions Of Interest (ROI) were chosen, with the aggregate counts
used as input features. Pre-processing involved removing background, centring on averages,
normalisation, and a final projection onto orthogonal space with Singular Values Decompo-
sition. A heavily involved pre-processing approach is seen to have carried forward from their
predecessors, becoming almost commonplace in the following decade.

One immediate example is the ANN used by Yoshida et al. [43] from Japan, which also
limits input dimensionality by extracting features manually. A peak finding algorithm is ap-
plied to smoothed data. If an energy found is within some tolerance of pre-selected dominant
emissions, the feature is set to 1 rather than 0. The input vector therefore corresponds to
whether or not a peak was found for each energy. The idea was that the ANN would learn in-
put patterns of energies and relate them to the radioisotopes present. This approach worked
well for calibration sources and uranium ore, however, the results stem from a very small
training set with good statistics from a HPGe detector. It is therefore difficult to assess how

much this approach relies on having good peak finding and calibration.

Development 2002-2016

After brief period of no publications, a paper from Kangas et al. [44] from 2008 stands out
as significant. This was the first to look at RIID for PVT-based radiation portal monitors,
seeking to reduce the number of nuisance alarms. The ANN was to be used in tandem with
the typical catch-all gross-count method rather than being a replacement. The paper is also
one of the first to use MCNP [45] and GADRAS [46] to simulate spectra that could augment
a limited set of real data.

Peak search algorithms are often confused by overlapping peaks and unexpected features,
so Chen et al. [47] took the PCA feature extraction idea from [40] and updated the transform.
The closely related Karhunen-Loeve (KL) transform was used instead (See Ref. [47] for
details) because it is reportedly better than the Fast Fourier Transform for finding weak
signals buried in noise [48]. Applying the KL transform to spectra, they took the first 64
coefficients and used those as the input vector.

Building on the majority of previous work highlighted here, Medhat et al. [18] used
an ANN to find relative activities of isotopes in natural sources. Only the most dominant
contributing radionuclides were used for the identification. They followed the Yoshida et
al. [43] example and took only the calibrated peak positions as features for input data. The

optimised networks showed relatively good agreement with the measured values, though it
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consistently overestimated activities.

Varley et al. [49] are one of the first UK groups seen to use neural networks for RIID.
Training data were augmented with MCNPX [50] simulated data, though geometries and
sources were greatly simplified. PCA was used to contend with variations in background
radiation. While some predictions can be very uncertain, the ANN still typically outperformed
conventional methods for estimating depth and activities of point sources.

Returning to PVT portal monitors, Felipe et al. [51] sought to classify types of material
rather than any specific radioisotopes. The groups were defined as: Industrial, Special Nuclear
Material (SNM), Medical, and NORM. Data are preprocessed when a gross-count alarm is
triggered, again working in tandem with existing systems. This involves selecting intervals
to cut down on the raw data size. The fully-connected ANN resulted in satisfactory results,
being capable of classifying spectra into standardised groups.

In a similar vain to this, Bobin et al. [52] looked at well-type Nal based portal monitors.
The aim was for real time processing for RIID and relative activity estimation. To achieve
this, Bayes’ rule [53] is applied to find radioisotope contributions to the overall spectra. A
library of independent spectra was created using measured spectra, combining them in a
few different ratios for testing. The results were promising but run times were longer than
expected, varying significantly with spectrum complexity and NORM rates.

Up until this point, machine learning was mostly confined to specialised academic and
commercial development. However, the next few years saw the beginning of an explosion in
machine learning applications across a diverse range of research fields. This is crucially due
to the accessibility of open source tools. The fairly steep learning curve is a small price to
pay for these powerful libraries that would otherwise require a great deal of effort to imple-
ment from scratch; another limiting factor on the complexity of the early models following
Olmos et al [19, 36, 37]. The physical sciences in particular are constantly performing pattern
recognition in some form or another, so it is natural that a drive for collaboration with com-
puter sciences has resulted in machine learning becoming a widespread tool. Recent increased

interest in machine learning for RIID comes as no surprise [16, 17, 20, 21, 54].

Recent publications post-2017

The perfect example of this accessibility is seen in a paper by Kamuda et al. [16], where
Google’s TensorFlow [55] is utilised. This is carried through to later papers [20, 54] where
changes to model architectures became far quicker and easier to implement. What is new here

is the focus on spectra containing relatively few counts (103-10° gross counts), where previous
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work tended to have training data with good statistics. An impressive 32 radioisotope classes
were trained for, though all training and test data were simulated with MCNP [45]. While
perhaps not the best indicator of real world performance, using primarily simulated data
allowed for a large training set of 10° spectra. This is significantly more than any previous
work. The core 10 simulated spectra were augmented with random perturbations such as
gain shifts. The paper found relatively good insensitivity to gain shifts due to it being included
in the training data, as suggested back in 1992 [36].

In a follow-up paper the same methods are applied with the objective of calculating rel-
ative activities in Nal spectra [20]. For the built-in background profiles they switched to
GADRAS [46] to simulate training data. This time the simulations were run long enough
to ensure a ‘perfect’ case, and then combined in different ways with the inverse transform
method [56] to create mixed-radioisotope spectra. With few exceptions, the single isotope ID
performance was very good. Even with significant background contributions, the confusion
matrix showed the majority of test data to be correctly identified over 80% of the time. How-
ever, ANN accuracy fell apart when training on data with different energy resolutions (7-10%
at 662 keV simulated). Again though, all data used for training and testing were simulated,
making it difficult to comment on real world performance. The trouble this ANN had with
resolution changes, even under ideal simulated conditions, says a lot about generalisation
challenges, and identifies it as another key area for further study.

In contrast to Kamuda et al. [20], Kim et al. [17] had a paper accepted a few months prior
showing their ANN handling resolution differences fairly well for PVT spectra. Of course,
the resolution of the two detector types is incomparable, but it is interesting to see them
including several Gaussian Energy Broadening functions in the MCNPG6 [45] simulations to
diversify their training data. The training data were simulated, but real data were taken for
testing with a few mixed into the training set. This became important, finding there to be
an 18% accuracy drop when real data were excluded from the training set.

One inherent limitation of ANNs is that they treat every channel as an independent
feature. In 2018, the first probes into the viability of a variant known as the Convolutional
Neural Network (CNN) were seen. The details of these networks are presented in Section 2.3,
but the key benefits are that not only is computational expense reduced, but the networks

also consider neighbouring channels.
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CNN papers post-2018

The first to suggest using CNN for the broader RIID problem space was Kamuda et
al. [54]. A well developed ANN from Ref. [16] in 2017 was compared with a basic CNN. All
Nal spectra used throughout were simulated with GADRAS to allow them to investigate the
29 radioisotopes from ANSI recommendations [34]. The two networks were compared based
on how well they did with basic RIID, then on variations in source distance and FWHM
parameters. It was found that in this ideal case of purely simulated spectra, the CNN out-
performs the ANN. However, when predicting simulated spectra that had real background the
CNN did slightly worse. They suggested that ANN may be better for dealing with unknown
background patterns. With varying stand-off distance, CNN generalises slightly better. For
predicting spectra with 10% resolution at 662 keV after training on 7%, both performed
poorly.

The following year, Liang et al. [21] also implemented a CNN for RIID purposes. Training
data were simulated for Nal using MCNP to look at only four radioisotopes. Each spectrum
contained 10® events, with measured background randomly added to create a training set. A
Hilbert transform was applied to create 32x32 images from spectra by projecting them onto
a 2D plane (See Ref. [21] for details). Since none of the training data had any gain shift, a 20-
channel shift was enough to cause identification errors. They went on to compare to an ANN
that had a 128 feature vectors from a wavelet transform, along with a couple of other basic
machine learning model types. In general, the neural network types are far more consistently
accurate, with CNN slightly better than ANN in this particular comparison. However, it is
difficult to judge here since there is almost no information given about the other models.

In parallel to this thesis, Daniel et al. [22] used GEANT to train a CNN to identify five
calibration sources in a high resolution CdTe-based system. The proceedings show a similar
approach where they investigated the viability of using purely simulated data to train models
before testing on real data. They found that false identifications were mostly due to a small
proportion of the sources. Primarily focused on dose rates, the system was able to achieve
accuracies of 90% on spectra containing as low as 1000 counts from the source. All sets were
calibrated, with minor gain shifts included. No other perturbations were included in the data
through shielding or energy discrimination, with sources kept far enough so as not to have
summation. Interestingly, a more modular approach was taken where each source had its own

network for predictions.
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Machine learning summary

The last three decades have seen steady progress in applying neural network models to the
RIID problem space. Paying attention to the origin of each group shows how ubiquitous RIID
is among the international community. A diverse variety of methods are applied to HPGe,
Nal, and PVT-based radiation portal monitors for RIID specific applications in security,
decommissioning, and public health & safety.

Early work by Olmos et al. [19] opened up the possibility of using neural networks by
applying an ANN to identify four basic radioisotopes in 1991. Since then, various techniques
have been developed to scale this up to identify 32 radioisotopes [16] (though considerably
fewer in other publications). Until 2018, the developed techniques unanimously revolved
around reducing the number of input features given to the models. Unfortunately, ANNs still
quickly become extremely complex and computationally expensive, significantly limiting the
number of nodes and hidden layers that can be implemented. Several interesting approaches
include Principle Component Analysis [40, 49] and the closely related K-L transform [43] for
extracting underlying signals from background noise. Others rephrase the problem, preform-
ing feature extraction manually [16, 19, 42, 47] and provide those as input data rather than
the raw spectra.

Following preprocessing, many have made an effort to investigate deeper issues such as
gain shifts, background contributions, and variations in energy resolution. Sensitivity to all
of these is generally mitigated somewhat by including wider diversity in the training sets.
Many have limited data sets however, so sensitivity is difficult to compare. Gain shifts are
of course much more of a problem for input data based on ROI or peak search methods. It
is only recently that such variations in detector resolution became a concern, with Refs. [54]
and [20] looking into what now appears to be a problem area.

Creating more comprehensive datasets to combat real world differences has been a driving
force behind the switch to primarily simulated data. This was always MCNP or GADRAS
and at larger stand-off distances to negate summation, which they cannot reproduce well
without manual intervention. The use of GEANT4 in this work (and recently that of Ref. [22])
provides the flexibility needed to investigate timing information that would otherwise be time
consuming to include in the more restrictive frameworks like MCNP. An increase in papers
using only simulated spectra for training and test data unfortunately leaves only speculation
as to how well the models would perform under practical deployment.

What every paper up to 2018 has in common is the use of fully-connected ANN models

in some form or another. With TensorFlow’s release in late 2015, other network possibilities
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opened up without too much effort on the part of the researcher. The use of Convolutional
Neural Networks (CNN) was suggested in Ref. [54]. CNNs are better for many reasons, but
one in particular addresses multiple issues highlighted throughout ANN usage. Rather than
every channel being an independent feature, local channel information is also considered.
By applying the techniques seen for ANNs, and of course developing new CNN specific
techniques, it was an interesting challenge to see how far they could be taken. With so
little work done with CNNs, it remains a very new research area that certainly merits more

in-depth study beyond this thesis.

2.3 Convolutional Neural Networks

Machine learning now constitutes a huge field in computer science and is a vast topic. The
following sections detail only the relevant concepts and techniques, set in the context of their
use for RIID applications. As discussed, neural network based approaches have historically
been relatively successful. The recently suggested variant known as the Convolutional Neural
Network (CNN) became the focus of this research, so discussions here are confined to this

model type.

2.3.1 General concepts
Models and problem definition

The more classical approaches described in Section 2.2.3, however complex, are always
following sets of explicit instructions written by the developers. There is no scope for dy-
namically handling unexpected perturbations. Machine learning differs in that models learn
generalised rules born of experience, training to recognise and analyse patterns in datasets
without being explicitly programmed. For gamma spectrometry and RIID, this means pro-
viding diverse example spectra (‘samples’) from which to learn.

There are many different types of model for machine learning applications depending on
the data available and the desired outcome. These may be loosely broken into ‘supervised’” and
‘unsupervised’ problems. For RIID, the task can be framed as that of a supervised problem,
where the target outcomes are known. For example, if it is known which sources are present
in each sample spectrum, the spectra may be appropriately labelled to provide a goal for the
model while it learns. For the interested reader, there is an excellent review [14] of machine

learning in physics that covers various model types.
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Unsupervised learning is an interesting problem space where none of the target outcomes
are known, so the model is left to infer what data should be clustered into groups by looking
at similarities between variables. Unlike supervised learning, there are no predefined groups
provided, and neural networks may also be used to tackle such problems.

Target outcomes for supervised learning are typically either regression or classification.
The latter is the focus of this work, where the goal is to identify which sources are present in
a spectrum. However, as discussed in Section 2.2.4, RIID models have also been applied to
regression problems in the past [18, 42]. Classification problems may be summarised as the

following types:
1. Binary

(a) 1 source

(b) Present (True) or Not present (False)
2. Multi-class, single-label

(a) 1 source (label)
(b) N possibilities (classes)

3. Multi-class, multi-label

(a) k sources (labels)

(b) N possibilities (classes)

Each predefined group for classification is known as a ‘class’. In RIID this corresponds to
the full set of sources that may be present in a spectrum. It may be as simple as a binary
outcome where there is only one source, with the two classes being ‘present’ or ‘not present’.
Slightly more complex is the case where there are IV classes to create a ‘multi-class’ problem,
where the goal is to choose one-from-many. For example, if all spectra were to contain only
one of the possible sources, a multi-class solution will associate each class with a unique
source.

An RIID system that identifies only one of the possible sources as being present is fairly
limited. As the aims of RIID discuss, it must be able to handle the presence of multiple
sources. Including this in a single model therefore requires extension to a many-from-many

problem. Target outcomes are further broken into ‘labels’; each corresponding to a class.
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Figure 2.8: Diagram demonstrating class and label concepts. In this case, ‘classes’ are the
possible sources that might be present in a spectrum, while ‘labels’ denote which of these are
actually seen.

This concept is demonstrated in Figure 2.8. For example, if the classes are defined to be
[Am, Ag, Co, Cs, Na, Ti], then this spectrum may be labelled by content as [Ag, Co, Ti]
if all three sources are present. The arbitrary combination of which sources are present can
therefore frame RIID as a ‘multi-class, multi-label” problem. As the focus of this research, all

discussions are put into the context of this problem type.

Training a model

With the problem defined and an appropriate model type chosen, it comes time to train
the model. Any model requires data to be broken into three distinct sets: training, test,
and wvalidation. To be able to judge performance on an ‘unseen’ case, a test set is withheld
from the model during training. Full datasets are typically split into training and test sets
randomly while ensuring no sample is duplicated across both sets. Generally, the training set
is further divided to include a selection of samples withheld for validation. This validation
set is used during training to monitor for undesirable effects such as ‘over-fitting’, where the
model ceases to generalise and simply starts to memorise the training spectra. Section 4.1
details how these sets are preprocessed for the purposes of this research. An example of the

learning process is shown in Figure 2.9.
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Figure 2.9: Example of relatively good learning, where the training and validation curves of
accuracy (a) and loss (b) metrics begin to converge over several epochs. Through monitoring
these curves, many problems with the optimisation or datasets are revealed.

Models are trained iteratively over a series of ‘epochs’, which is a single pass over all
available training data. The learning process over an epoch is performing a numerical opti-
misation at its core, so while training there is some loss or cost function to be minimised. For
example, this is much like minimising the x? when fitting a Gaussian to peaks in a spectrum.
There is no universal loss function that works for everything, but all loss functions quantify a
difference between the prediction and the true value. Like many models, losses are calculated

here using the predictions made by a set of nodes much like the one shown in Figure 2.10.
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Figure 2.10: A single node of a fully-connected layer used to make a prediction. Every output
(x) from the previous layer is connected with a trainable weight (w) and combined linearly.
An activation function, in this case, encodes the probability of a source being present to a
value between 0 and 1, with some offset defined by the bias (b). Validation samples follow
optimisations using the training samples.
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This node of the fully-connected final layer makes a prediction about a single class. The
product of inputs of the previous layer (x) and their associated weights (w) are combined
linearly before being passed through an activation function (f(z)). A bias (b) is just a constant
included to shift the output so that the activation function may fit better. The loss (I) for
this class is calculated from the difference between prediction (p) and the target outcome (y).

Scaling this up to a classification problem with many classes, the cross entropy loss (L)
serves this purpose. Passing a single spectrum through the model, the loss may be calculated

as

L(y,p) = —y.In(p) — (1 —y).In(1 — p), (2.6)

where y is a vector of target label values, or which sources are present, and p is a vector of
predictions®.

The benefit of using logarithmic operations for classes is that L — oo when wrong and
L — 0 when correct. However, if the probabilities were to be taken directly (i.e. p = z), there
would be an issue when p — 0 since In(p) — —oo. To counteract this instability, certain
activation functions may be included in the process.

For the multi-class case, a Softmax [57] activation is fine as a categorical cross entropy
function, where the predictions are scaled to (0-1) while summing to unity. For the multi-
label case, where each class is independent and not mutually exclusive, a Sigmoid function

is required instead, treating each class as (0-1) individually. This is defined as

N
_q,:’ 1.0 Sigmoid activation function
d
—
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5Specifically the probability of belonging to the positive case, where the source is present.
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Using Sigmoid as the final node activation defines the Sigmoid cross entropy loss function,

more commonly referred to as the ‘binary cross entropy’ loss.

L(y,z) = —y.In(Sigmoid(z)) — (1 —y).In(1 — Sigmoid(z)). (2.8)

In this way, probabilities are bound as 0 < p < 1, and the two halves of the equation tend
toward zero depending on the result. Taking one label for example, L — 0 as z — oo if
correct (y = 1, or positive) and L — +oo if incorrect (y = 0, or negative). Overall, the sum
of the loss vector is simply taken to provide a total error. The most important aspect of
this is that a cross entropy loss will heavily penalise confident predictions that are actually
incorrect.

Where the ‘learning’ comes in is that the derivative of the loss function is then used to
make changes to weights and biases using ‘backpropagation’. Values are traced backwards
from prediction to input to determine how much of the loss is due to each part of the network,
adjusting weights as necessary for the next iteration.

With the general topics of problem definition, datasets, and loss function covered, the
details of specific model architectures may be discussed. Taking the neural network approach,
an ANN may be set up as shown previously in Figure 2.7. The issue with these is that the
number of weights, biases, and other trainable parameters rapidly increase with the number
of nodes in each layer. For example, a 1024 channel spectrum fully-connected the 1363-node
layer of the Kamuda et. al. [16] model already has ~1.4 million basic trainable parameters
at a minimum. Computational expense quickly increases out of control, which is one reason

the variant known as the convolutional neural network was suggested as an alternative.

2.3.2 CNNs for RIID

Originally designed for feature recognition in images [58|, the core of a CNN optimises
successive ‘filter’ sets that are convolved with an input sample. CNN convolution layers train
only a set of small (typically 3x3) filters.

As the example of Figure 2.11 shows, this is fundamentally very different to an ANN.
The trainable parameters are now just values in a filter, coupled with a single weight and
bias for connection to the next layer. These filters perform feature extraction, with context
now considered by including information from neighbouring pixels. Applying the same oper-
ation to gamma spectra, where many important features are localised over channels, is very

beneficial.
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Figure 2.11: Applying a trainable filter to build up a feature map of new abstractions of the
original.

By convolving an input spectrum with filters, new abstractions of features are created.
More complex features are learnt by building upon multiple layers of convolutions. For exam-
ple, the first layers generally end up performing basic operations such as edge detection. The
idea of using a CNN for RIID allows responsibility of feature extraction to be placed on the
model. This not only automates a lot of the manual preprocessing, but pattern recognition
through these convolution filters will not rely on any calibration or standardised input (within
limits). A filter that performs leading edge detection will work for the 662 keV '37Cs peak
whether it is in channel 100 or channel 1000. For gamma spectra, the special 1D convolution
operation may be used instead. To demonstrate several basic operations, Figure 2.12 shows

a section of the full model used as a baseline in the results of Section 5.3.

Spectrum Feature map Feature map Max pooling Spatial dropout

(1, 1024, 1) (1, 1024 H) (1, 1024, K) (1,512, K) (1,512, K)
] N ] 0
0
— >
0
o 12 H 12 K
RelLU RelLU ; ' N\
y=max(0.x) y=max(0.%) Pooling Dropout
Max() taken Some spectra
ConvlD ConvlD randomly reset
Filter: (1,3,1) Filter: (1,3,H) Width: 2 ch
Ne filters: H Ne filters: K Stride: 2 \_ Rate:50%

Figure 2.12: Representation of the convolution module. An array of intensities represents the
spectrum. This trains first H filters, then K filters in two convolution layers to emphasise
key features in the spectra. Pooling and dropout then reduce the dimensionality and combat
over-fitting. For demonstration purposes, the shapes exclude a dimension for batch size.
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The module shown is connected to a raw 1024-channel input spectrum. Expanding the
concept to multidimensional arrays (tensors), the shape of each layer is shown. The input
spectrum has shape (1, 1024, 1) as (height, width, depth) to follow the image analogy.
For an RGB image the depth would be 3, where each pixel was a combination of three colours.
For spectra, much like greyscale, each channel has only one number: counts.

In this case, the first layer convolves each channel of the input spectrum with a three-
channel wide filter. The result of sliding this filter over the spectrum is a new abstraction
of the original. By applying several filters, the output tensor forms a ‘feature map’ which
contains the result of different convolutions stacked together. This can be done multiple times
if desired, as seen in the example.

Activation functions are not only used for encoding the predictions. Their primary purpose
is to introduce non-linearity in networks. Without these, layers of a network are simply
performing the dot product between input and weight tensors, which is just a linear operation
that effectively makes it one layer deep. Since these networks learn by building on the previous
layers, this renders the architecture relatively pointless.

A Rectified Linear Unit (ReLU) activation function is typically applied after the convolu-
tions to introduce non-linearity between layers. This is much faster than legacy functions [59]

and may be summarised as

ReLU activation function

max(0, z)

f(z)

f(z) = max(0,2). (2.9)

After the convolution layers, the scale of the tensors has increased by a factor of K, or
the number of filters. A pooling layer reduces the size of feature maps to reduce the number
of trainable parameters and memory required. This operation applies to each spectrum in

the feature map independently, taking the maximum of two adjacent channels. The pooling
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kernel shown takes the maximum intensity of adjacent channel sets and has a ‘stride’ of two.
Size and stride can be adjusted to have larger pools for broader sampling, or even adjusted to
have overlapping pools. It is worth noting that there is a recent tendency to remove pooling
layers since their inception [60], instead changing the stride of the convolution layers.

Pooling also summarises the features that are seen in the feature map. In this way, the
next Conv1lD operations are applied to these higher level and more abstract features, rather
than caring about something that is precisely positioned. This is how the network builds on
previous layers to learn new features that are progressively less sensitive to position.

The final important operation shown is that of spatial dropout. In ANNs, some of the layer
outputs are randomly selected and ‘dropped’ by resetting them to zero to introduce noise
into the output values of a layer. The idea is that this breaks up coincidental patterns that
are not related to the inputs, preventing the network from memorising irrelevant patterns. In
CNNs the structure demands a slightly modified approach, where entire spectra are randomly
selected from the feature map to have all intensities reset to zero. This has a similar effect
in reducing over-fitting, but also serves to promote independence between adjacent spectra

in the map [61], which can end up strongly correlated.

Flatten Dense layer Dense layer Prediction
(1, 256*M ,1) (1, 256*N ,1) (1, 256*9 ,1) Values 0-1

Feature map —

(1,256 M) - o p “°Co: 100%
[k ° —» Cs: 0%
- o —p Eur 0%
T2

1 RelLU Sigmoid
L] y=max(0,x) y=(1+e™)?*

Figure 2.13: Representation of the classification module. The convolution module output is
flattened into a vector. A small ‘fully-connected” ANN makes final predictions of present
sources, with a 0-1 probability through a Sigmoid activation.

Of course, the features extracted by the CNN are not a prediction by themselves. A CNN
actually contains a small ANN as a part of its architecture, with feature maps provided to

a final classification module through a fully-connected layer. An example of this is shown in
Figure 2.13.
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The feature map made from the final M filters here must be flattened into a vector for
compatibility, laying every feature map end-to-end. For example, four 256-channel feature
maps become a vector of 1024 intensities. Each element is then fully-connected to the first
ANN dense layer. While this is potentially a large number of elements, recall that the number
of channels in each spectrum of the feature map has been reduced through pooling, and that
fewer filters may be used for investigating patters between higher level features. The result is
that a far smaller ANN may be used for classification, though these two layers still constitute
the vast majority of trainable parameters.

The ANN can have any structure, though often a basic two-layer setup is used. Nodes
of the final layer must equal the number of classes so that a final Sigmoid activation can
provide the probability of each source being present in the input spectrum. This is of course

to accommodate the binary cross entropy loss for the multi-class, multi-label problem.

Input spectra Predictions
1 k ' ©Co (100%)

: 27Bj (0%)

i—P “Ti (0%)

‘ [RelU | [ReLu |
ConvlD| [ConvlD

s ™ 1

i/ Max A\ | Spaia] | |
: Poolin Dropout

Na (0%)

(Uncalibrated)

Convolution module Convolution module Classification module

Figure 2.14: Simplified CNN structure. The basic sequential model consists of two modules,
each performing 1D convolution operations. The resulting tensor is flattened into a vector to
interface with a small, fully-connected ANN. The final output layer provides the probability
of each source being present in a gamma spectrum.

Figure 2.14 demonstrates how all these elements may come together to build up a CNN
for RIID tasks focused on classification. The key benefit is that this is extremely flexible. To
change predictive goals, the only thing that needs to change is the ANN output. The features
extracted in the early CNN layers will typically remain consistent across similar applications,
so all that matters is what the ANN then interprets from those features. This lends itself to
things like transfer learning and other advanced methods discussed in Chapter 7 to make the
range of applications extremely diverse, despite the simplicity of the architecture.

So with a model providing some numbers to work with, the question of performance is
raised. Methods of quantitatively evaluating how well a model performs on a given task are
now required. These provide metrics to track improvements in model iterations, and enable

direct comparisons between different models.
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2.3.3 Performance evaluation

The evaluation of multi-label classification is best described by building upon binary con-
cepts. Indeed, the loss function used even breaks down each class into a binary classification
anyway. A final Sigmoid activation (Eq. 2.7) encodes the probability of each source being
present in a spectrum. Typically, models are trained on a decision threshold of 0.5, with
greater probabilities defining a ‘positive’ (1) classification. If the source is actually present,
it is then correctly identified as a ‘True’ Positive (TP). Correspondingly, all other possible

outcomes are shown in Table 2.1.

Table 2.1: Simple binary classification outcomes.

Actual label
1 0
Prediction 1 | True Positive (TP)  False Positive (FP)
0 | False Negative (FN) True Negative (TN)

These are the basic metrics of any binary classification, with the grid sometimes known
as a confusion matrix. The multi-label performance can be summarised as such by taking
the average across all classes. Of course, the decision threshold may change and effect the
performance of a model. To investigate this, True Positive Rate (TPR) and False Positive
Rate (FPR) pairs may be plotted for each threshold, defined as,

TPR = 7?;—;——PFN’ and FPR= FP]:——PTN (2.10)

The result is known as the Receiver Operator Characteristic (ROC), and it provides an
excellent indication of how performance varies with threshold. The TPR, or ‘recall’, is a
measure of ability to find all sources present, while FPR is the probability of a false alarm
when put into the context of RIID. The rates hold varying importance depending on the
application. In security, for example, it is perhaps better to accept an increase in FP rates if
FN rates are reduced; better to have more nuisance alarms than allowing more illicit material

to remain undetected.
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Figure 2.15: Example plot of Receiver Operator Characteristic (ROC). The ideal case tends
toward (0,1) where all predictions are correct. A more realistic curve is also shown, staying
above the y = x boundary that demonstrates performance achieved by randomly assigning

labels. The Area Under Curve (AUC) is taken as the shaded region.

The ROC curves of Figure 2.15 are extended to the multi-label case by considering each
label individually, then together as an average. This information may be summarised in a
single value by the Area Under Curve (AUC) as,

AUC = / TPRU)FPR(#) dt. (2.11)
A closely related metric using these binary outcomes is ‘precision’, or how relevant each
prediction is.
TP
Ston = ————— 2.12
precision = op s (2.12)
When paired with the TPR, a precision-recall (PR) curve may also be plotted to provide a

measure of model skill. Figure 2.16 demonstrates exaggerated cases.
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Figure 2.16: Example Precision-Recall (PR) curve demonstrating several cases. Ideal curves
tend toward (1,0), while a baseline of randomly assigned predictions is defined by the fraction
of positive samples in the dataset.

Both the PR and ROC curves may be applied to the multi-label classification problems
with each class overlain to show contributions. This proves extremely useful for the RIID
application because it is a clear visual indicator as to which sources are more challenging for
the model.

Quantitatively the AUC and precision are good indicators, but when models are similar
enough, the variation in performance due to minor effects like varying random seeds can
obscure any differences. When every model shows a 95-99% precision it is difficult to tell
if improvements are being made. The ‘perfect’ classification rates are, therefore, used as a
complementary measure of RIID performance given the real world applications. Predictions
are considered perfect when every possible source is correctly identified as either TP or TN
for an individual spectrum. Performance drops if even one label is misclassified. With this,
differences between similar models becomes much more exaggerated and very sensitive to

predictions where a single source is consistently incorrect.
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Chapter 3

Simulation of gamma spectra

3.1 Overview

A review of the literature in Section 2.2.4 shows a clear trend toward using simulated
datasets when developing machine learning models for RIID. More recently, some have even
gone so far as to use only simulated data for the speed and flexibility it offers [16, 54]. One
drawback of doing so is that real world performance is somewhat speculative. The importance
of understanding the scope of training and test data used for machine learning models is
discussed in detail though Chapter 4. While experimental data were collected throughout
this research, the advantages of using simulated spectra were also fully exploited to establish
a rapid development environment. To this end, a generalised gamma spectrometry simulator

was developed using radiation transport codes.

3.1.1 Radiation transport codes

There are two main challenges when it comes to fully describing a physical system: com-
plexity at scale, and random elements. There are many systems that can be solved through
theoretical or empirical models. However, issues always arise with scale, and any moderately
large system quickly becomes extremely complex. In nuclear structure, simple systems con-
taining a few nucleons may be described well, but add too many nucleons and finding exact
solutions becomes impractical.

Random elements may then combine with this complexity to create near-impossible prob-
lems. Physics problems especially must often describe inherently stochastic processes. Ra-
dioactive decay is a prime example. It is impossible to predict when any specific nucleus will

decay, but an informed prediction of the probability of decay can always be made based on
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the underlying statistical distribution. The idea of breaking a problem down into manageable
steps and sampling from known distributions is the foundation of transport methods.

For simulating radiation, all particles involved are transported individually. Note that
‘particles’ in this context encompasses anything moved through the geometry, including nu-
clei and photons. Interactions with matter are randomly sampled using the appropriate dis-
tributions at every key step. For example, a radioactive source may randomly decay at some
time taken from an exponential distribution. A photon is then emitted in a direction sampled
from an angular distribution, moving through a material with some probability of interact-
ing. If it does interact, there are different interaction mechanisms, so one is randomly chosen
with weights based on factors like the photon energy. This process continues until the photon
disappears or leaves the simulation geometry.

Overall, the more individual particles that are transported on a micro scale, the better the
macro approximation of the result. The advent of these methods is attributed to Los Alamos
National Laboratory (LANL) in the 1940’s, developed alongside computational techniques
and technology to form the Monte Carlo N-Particle (MCNP) [45] code so widely used today.
In physics there are now many such codes for general radiation transport, with GEANT [15],
OpenMC [62], Serpent [63], and GADRAS [46] typically used in published work.

3.1.2 Simulation aims

The choice of radiation transport code is dependent on the task at hand. In this work, a

simulator was required to accurately reproduce gamma spectra. This includes modelling of:

e Gamma interactions at all levels (photoelectric effect, Compton scattering, pair pro-

duction)

X-ray fluorescence/escape peaks

True coincidence summation peaks

Nuclides in arbitrary excitation states
e Multi-isotope sources

Originally, the core of the simulator was MCNP for version 6.1’s incorporation of photon
models that were developed for MCNPX [50]. However, the famously rigid interface to the
MCNP black box proved unsuitable for using timing information without requesting access

to the source. Several codes were also written to automate certain input fields such as the
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source definition, where every emission and associated relative intensity must be explicitly
defined by the user.

The GEANT4 toolkit was later chosen instead to provide the flexibility needed, with the
open source code encouraging customisation at every level of radiation transport. The toolkit
contains powerful fundamentals to be built on, with any higher level functionality left as an

exercise to the user.

3.1.3 Geant4 basic concepts

Having improved the existing FORTRAN based GEANTS3, a 1994 formal proposal (RD44 [64])
resulted in the development of a C++ based successor. The significant change to C++ allowed
developers to exploit more advanced software-engineering techniques and object-oriented
technology. All simulations here use GEANT4 version 10.6 and are compiled with CMAKE.

For reference, the relevant nomenclature and key concepts are now described.

Particle propagation

Once some initial ‘primary’ particles and an environment are defined, the radiation may
be transported through the simulation geometry. This is driven forward by the lowest level
of iteration, known as a Step. Each step is composed of a pre-step point and a post-step
point (Fig. 3.1).

Step
O ()

Pre-step point Post-step point

Figure 3.1: The Step is made up of pre- and post-step points.

A Track is then made up of many steps, with each track considered in turn and propagated

through the geometry (Fig. 3.2).

Track

stp2  step3 O

Figure 3.2: A Track is made up of multiple linked steps.
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All tracks are collected under a single Event, which is the level at which initial conditions

are defined.

Event

Track 2
Track O

Track 1 /

Figure 3.3: The Event contains a track for every transported particle, with a new track
defined for any secondary particles created.

In the event shown in Figure 3.3 there are two primary particles, assigned to Tracks 0
and 1. If these tracks happened to interact and create secondary particles, new track objects
are defined (Track 2). Any secondary tracks are added to the list and dealt with once the
original is propagated through to completion. Finally, the Run collects all events together as
the highest level of iteration.

All of these are C++ objects that contain useful information. For example, the energy
deposited is held in the step object, with times and positions held in associated step point
objects. Every collection of objects is deleted at the end of its parent iteration however, so
there are certain data that must be collected before that happens. To illustrate, all steps
are deleted at the end of the track, so recording step lengths would need to be done on a
step-by-step basis.

To recap, the Run locks in the simulation models, geometry, and parameters and is made
up of many Events. Each event is retrieving a primary set of particles that are to be propa-
gated through the simulation geometry by a series of Tracks. These tracks and those of any
secondary particles are driven forward on a step-by-step basis in the lowest iterative unit of
the simulation, the Step.

Understanding this chain of Run—Event—Track—Step and keeping it in mind allows an
intuitive knowledge of the various classes, their order, and how they interact. Computational
expense increases further down this chain, toward the step propagation. It is therefore a good

idea to retrieve and process information as high up the chain as possible.
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Core structure

Every GEANT4 simulation consists of a main function that sets up a Run Manager. As
the name suggests, this handles the executions of each class and ensures they are in the

correct order. The main function also initialises three mandatory classes:

1. Detector construction: Defines the full simulation geometry, along with any ‘sensitive’

regions.

2. Action initialisation: Defines the mandatory Primary Generator Action sub-class and

all other User Action classes.

3. Physics lists: Defines all particles and physics processes to be included in the simulation.
This is the heart of the simulation, determining how every particle should interact with

the simulated geometry.

The primary generator action defines all initial particles to be propagated at the beginning
of an event. User action classes are simply hooks for the kernel, permitting any additional
code to be included for custom functionality. The User Actions relevant to this simulator are

the Run Action and Tracking Action, but almost all boil down to:
‘at the beginning/end of a Run/Event/Track/Step, do something’

Collection of relevant data may be carried out during any of these stages, but the use
of Sensitive Detectors was more appropriate. Code written for a sensitive detector will only
run when a step enters volumes designated as being ‘sensitive’, such as the active region of a
crystal for example. This has several advantages, primarily convenience, customisability, and
modularity within complex geometries. Any data deemed relevant is stored in a Hit object to
be used later. Beyond this there are custom classes written for handling timing information
and multi-isotope sources. The vast majority of these data are used to fill ROOT histograms
set up at the start of the run action.

Note that the physics models and libraries defined in Physics Lists can influence the
result, and must be chosen with care. GEANT is primarily a high energy physics code,
with the ‘standard’ packages best covering ranges up to 100 TeV with approximations and
assumptions made below 1 MeV. The regions of interest here are below 3 MeV, so the ‘low-
energy’ packages were used to include better data that also include atomic effects down to
eV range. The Penelope data [65] were chosen over Livermore due to great care dedicated to
the low energy regions and the inclusion of positrons. Both are mixed datasets of analytical,

parametrised, and experimental data.
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3.2 Simulation techniques

3.2.1 Detector models

The focus of this research is on generalisation rather than specialisation. Several models
were therefore created for the most ubiquitous detector types, which include commercially
available HPGe and Nal detectors.

Housing - Housing Cup
window ~ CURWINOW o niniymy  [Aluminium]

End Cap  [Beryllium]

[Mylar]
[Plastic]

Contact pin
[Copper]

Inner dead layer
) A [Ge/Li]
Active region
Outer dead layer [HPGe]

[Ge/B]

Figure 3.4: Model of the HPGe detector used.

The HPGe model in Figure 3.4 was used for all preliminary validation of the simulator.
The superior energy resolution allows more subtle effects to be verified against real data.
With poor resolution detectors such as Nal, these features are often obscured in gamma
spectra.

A 37 x3” Nal detector model is also shown in Figure 3.5. Note that while the preamplifier
and PMT are excluded, the material closest to the crystal is modelled in detail for more
realistic behaviour at lower energies. For example, this includes attenuation of X-rays through
the aluminium housing and minor backscatter effects. The same is true of the HPGe model,

where there is a lot more material surrounding the active region.
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Figure 3.5: Model of one of the Nal detectors used.

HPGe details

The geometry base for the HPGe model is that of an Ortec PopTop HPGe, model code
GMX-10190. The manufacturer diagram kindly provided by Ortec specifically mentions the
detector used, but this is taken to be representative of all detectors of the same model.
The crystal volume is the only non-trivial part of the geometry in regard to the number

of constituent components, but much like an MCNP model it can be built up from simple

shapes.

*120.0 mm

45.8 mm

70.0 mm
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.

*19.8 mm
Figure 3.6: HPGe detector dimensions used for the simulated model.

47



The full crystal required seven cylinders, two tori, and two spheres to define all the
rounded edges of the ‘Bulletized’ shape. A cryostat cup is kept under vacuum to inhibit the
any thermal conductivity with the surrounding air. The Ge/Li inner dead layer takes 0.7 mm
off the potential active region and is considered to be pure natural Ge. The same is true
of the 0.3 pm Ge/B outer dead layer. While extremely thin, the outer dead layer is still
included in the simulation geometry in case energies below ~25 keV became important. The
only volume scored (i.e. in chich particles are explicitly processed and recorded) in terms of
energy deposition is the active region of the crystal, shown in red in these figures.

The crystal is mounted within an aluminium cryostat cup. The inner cup diameter is
assumed to be flush with the crystal surface. Note that this is one of several free parameters
that must either be estimated or physically measured, but the majority of dimensions are ac-
curate to the manufacturer specifications. The corresponding physical geometry of Figure 3.4
is shown in Figure 3.6 with the main dimensions labelled.

The cup thickness is 0.8 mm except at the crystal face, which is 0.03 mm of aluminium
re-enforced with a 0.03 mm mylar layer. This is to minimise attenuation of incident radiation
while remaining strong enough to withstand the pressure differential between atmosphere
and the perpetual vacuum conditions within.

Surrounding the cryostat cup is the detector housing. The length is arbitrary with the
condition that it must extend beyond the 94 mm cryostat cup and leave a 3 mm air gap
between the cup face and beryllium window of the housing. The housing is also aluminium
and specified to be 1 mm thick, while the beryllium window is 0.5 mm thick.

Attached to the end of the detector housing is a plastic end cap. Since this is omitted from
the specifications the dimensions come from physical measurements with a digital micrometer.
From the experimental side, the inclusion of the cap has a very minor effect on the observed

amount of backscatter below 60 keV for the ! Am spectrum.

3.2.2 Reference data

To build the simulator and ensure the various physical processes are being properly rep-
resented in the simulated spectra, corresponding real data were collected experimentally.
These reference data were taken using the detector specified in the manufacturer specifica-
tions, inviting the assumption that the geometry is similar enough for meaningful comparison
to simulation.

A NHQ 214M power supply provided a —2499 V bias with no variation seen over a 24 hour
period. The signal was amplified with an Ortec 571 amplifier, using a 2 us shaping time with
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a manually adjusted pole-zero to ensure signal quality. The signal is digitised with an Ortec
Easy-MCA-8K Multi-Channel Analyser (MCA) for use with the Maestro! software to collect
spectra.

A general purpose calibration was created to be used as the default, containing data
from the available sources: 24! Am, 1% Ag 133Ba, 27Bi, 99Co, 37Cs, %2Eu, #2Na, and *Ti. A
12 hour background spectrum was also recorded with distinct peaks used for completeness
in Figure 3.7. This background was split into a series of two hour acquisitions to ensure no

gain drifts had occurred before summing.
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Figure 3.7: General purpose calibration curve to be used for the reference set of HPGe gamma
spectra.

This calibration was applied to all spectra after the data were extracted form the Maestro
.Spe format and converted to a suitable ROOT format. The appropriately scaled background
was subtracted from the reference spectra. Using a custom N-Gaussian fitting ROOT macro,
the peaks of interest were fit with a linear background component. The calibration covers
the 3 MeV range well, mostly thanks to the abundance of significant transitions in the *?Eu

decay scheme and environmental background data. Of course, the Nal calibration contains

Wersion 7.01, licensed to The University of Birmingham, AMT Inc, copyright 2012
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fewer data due to poorly resolved peaks. All peaks were refit once calibrated to obtain initial

Gaussian Energy Broadening (GEB), which is one of the core simulation challenges.

3.2.3 Core challenges
Gaussian energy broadening

The full energy peak is arguably the most important feature in an energy spectrum.
Ideally, this would be a delta function at distinct energies. The reality of physically measur-
ing energy deposition introduces uncertainty and degrades the resolution. Photopeaks will
contain contributions from charge collection statistics, electronic noise, and even drifts in
operating parameters while an experiment is running. The shape of the peaks generally con-
forms to a Gaussian as described by Poisson counting statistics [25, 27], but the detail varies
between detector types. To reproduce the energy spectra seen in experimental data, Gaussian
Energy Broadening (GEB) must be incorporated into the simulation. This is implemented

using a sensitive detector.
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Figure 3.8: FWHM calibration for use as Gaussian energy broadening parameters. Note the
divergence at the low energies (<100 keV) from multiple contributions that appear to be
single peaks given the detector resolution, and the influence of annihilation photons.
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At the start of every event a sensitive detector is initialised. If a step is made within the
volume assigned to be ‘sensitive’, the stepping manager invokes the ProcessHits () method
to record the relevant data. In this case it will only run when there is a track that steps
through the crystal volume, constructing a series of G4VHit objects to hold the information.
These hits are stored together in a Hit Collection, which is simply a vector that gets filled
over each event. To construct a naive picture of energy deposition, the energy lost with each
step in the crystal may be summed.

At the end of the event (which is high on the simulation’s iterative chain) the hit collection
is looped over, and the total energy deposited per track sent to an exact energy histogram.
For the realistic detector response with GEB, this total is also sent to a custom function that

samples from a Gaussian distribution,

1  _@-B?

\/%6 202, (3-1)

This emulates the expected Gaussian energy broadening. Here the the expectation value (E)
is the exact energy, with the width (¢ = fwhm/2./In(2)) coming from the approximation,

fx) =

fwhm =a+ bV E + cE2. (3.2)

There are many random number generators available. The CLHEP::RandGauss generator
was chosen from the Randomize general header for convenience. Once the sampled value is
returned, it is recorded in another energy histogram. Note that the parameters a, b, and ¢
are experimentally determined. Using the reference data, a good range of energies can be
used for this width calibration. The data in 3.1 are the result of fitting Equation 3.2.

Table 3.1: GEB parameters used for simulations.

Detector type a b c
HPGe 7.4(2)x107  8.3(4)x10~* 6.9(10)x107!
Nal -1.2(1)x1072 6.9(1)x1072  -5.6(9)x 1072

The justification for using Equation 3.2 follows from considering the signal chain and mak-
ing practical assumptions. The full uncertainty will be a combination of the intrinsic width
(wr), information carrier production (wp), incomplete charge collection (w¢), and electronic

noise (wg) [27]. These are combined in quadrature to give,
(wTotal)2 = (wlntrinsic)2 + (WProduction)Q + (WC’ollection)2 + (wElectraniC)2~ (33)
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The approximation of Equation 3.2 is a more complete description from Hurtado et al. [66],
and is used in MCNP to the same effect. Earlier suggestions include va? + b>E [67, 68] which
is simplified to the a + bv/E that Genie2000 [69] uses. Note that these only describe the fit

to full energy peaks that do not involve annihilation photons, which is another challenge.

Annihilation photons

As a result of 8T decay, a positron is emitted from the nucleus. It will rapidly slow to
almost zero kinetic energy through losses via Coulomb interactions, and will readily annihilate
if in the vicinity of an electron. As a consequence of the annihilation, two photons are emitted
back-to-back with a total energy of 1.022 MeV in the centre of mass frame. The photons will
have almost 511 keV each. However, because the 57 has some residual kinetic energy and the
(presumably) bound e~ has orbital momentum, there remains a net momentum that must be
conserved. This results in the two photons having 511+0 keV and 511—4 keV. Annihilation

peaks therefore appear broader than expected in the real spectra as shown in Figure 3.9.
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Figure 3.9: Correcting for the broadening of the annihilation peak in 2?Na due to a residual
net momentum of 5% and electron.
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The solution is to provide a second parameter set for peaks that involve annihilation
photons (i.e. the full 511 keV and any first escape peaks). For the purposes of this simulator,
special consideration is given to the 511 keV full energy peak in particular due to its prevalence
in many gamma spectra. An average of several measured values is currently used instead of
the GEB parameters when this specific energy is deposited in the active region. While less
of a concern for the first escape peaks over the current ranges of interest, these will certainly
become more relevant for full energy peaks above 2 MeV. This can be implemented by flagging
annihilation tracks, and sampling the energy from an alternative parameter set given by the

broader trend shown in Figure 3.8.

Decay chains

When dealing with a radioactive nuclide, GEANT4 will follow the decay chain for as long
as no stable isotope is reached. This can create unrealistic spectra given typical experimental
time scales. Any lifetimes must be considered prior to initialising any secondary tracks, with

chains limited based on a user supplied half-life.
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Figure 3.10: An ?*'Am simulation both with and without the decay chain limit. These are
compared to real data (black line, light blue fill) for reference.
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A tracking action class is mostly used to collect a lot of event-relevant information, but it
is also a good level to do things like limiting long decay chains. The 24 Am source is a perfect
example of the issue. It has a 435-year half-life, alpha decaying into 2*"Np which itself has
a ~2 million year half-life. Figure 3.10 demonstrates the result when GEANT is allowed to
follow the decay chain of the unstable 2"Np, resulting in many photopeaks that are not seen
over realistic collection times.

It was found that the track is the highest iterative step where some conditions can be
enforced based on lifetimes. There are no methods in any of the physics lists that allow
something similar to be set, so a function was needed to manually kill or continue tracks.
This may be done by overriding the track status enumerators of the G4 TrackStatus header.
Note that this can also be done under the stacking action, but there was no practical reason
for involving another user class. Any new track produced may now be considered through

the process outlined in Figure 3.11.

New track created ‘

Is particle an

Continue normal
ion/nucleus? physics processes

Use full
decay chains?
[User boolean]

particle AND Is

t,,> user limit?

Yes
Kill track
Yes
Invoke rest physics Invoke rest physics
processes processes

Figure 3.11: Process for limiting long decay chains by looking at the particle lifetimes of a
newly created track object.

While lifetime is used as a condition, it is calculated from a user supplied half-life out
of preference. A default half-life of 1x10°% years is included in case a limit is wanted but
not specified. The result of toggling these conditions is seen with the limited decay chain

spectrum (red) shown in Figure 3.10.
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X-ray escape

The absence of expected escape peaks are particularly noticeable in the 2! Am and #Ti
spectra due to prominent low energy emissions. The escape peak occurs when X-rays produced
near the crystal surface and leave the active region without interacting. This falls under the
atomic relaxation model in GEANT, which defines a threshold or ‘range cut’ for producing
these X-rays. Any secondary particles with insufficient energy to travel at least the range
cut value will not be produced. By default this is set to 1 mm for all particle production

throughout the simulation geometry.

— T T | T T T T [ T T T T [ T T T [ T T T T [ TT
?‘. \: Experimental data
P Default cut (~21 keV
D ult cut ( ) Full energy peak
& 10| — Region cut (-8 keV) .
1= . ]
X-ray escape peak
1072 L ]
107 f E
-I I 1 1 1 1 I 1 I]I 1 I 1 1 1 1 I 1 1 1 1 L 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I I-
20 25 30 35 40 45 50 55 60
Energy [keV]

Figure 3.12: Example of X-ray fluorescence in the assigned region with reduced production
cuts. The expected escape peak is now seen ~10 keV below the 60 keV full energy peak of
this 2! Am spectrum. The simple simulation environment also demonstrates a difference in
backscatter and low-energy background that can be extremely difficult to generalise.

Reducing the range cut for calculating X-ray fluorescence everywhere is computationally
expensive, especially in complex geometries or at low energies. All these extra particles will
then also require the full stepping and tracking treatment to propagate them through the
simulation. To mitigate this as much as possible, the full crystal (i.e. active regions and dead

layers) have been assigned to a special ‘region’. This allows for custom production cuts to be
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specified for the crystal alone, leaving everything else as a generalised compromise between
speed and fidelity. This is based on consideration of dead layer attenuation expectations,
distance/composition of surrounding materials, and most importantly the significance of the

impact on the final spectrum.

Multi-isotope sources

All examples so far have contained a single source. A method is needed for simulating
spectra that contain the contribution of multiple isotopes. There are two ways to approach
this. The first and preferred method of simulating a multi-isotope source is to choose one
from a list of possibilities event-by-event. This was exactly what was happening in the original
MCNP implementation, where sampling starts with the nuclides before continuing with the
transitions of the chosen nuclide.

The second option is to put every nuclide needed in a single event. This has two problems:
relative activities become difficult to implement, and memory usage can increase dramatically.

To reproduce different relative activities, some nuclides still need to be sampled more
often than others, and will come with significantly more overhead than just emulating the
MCNP approach.

On the memory side, this is primarily a limitation of hardware. At the end of each event,
any data not considered relevant is discarded to keep memory usage low. Stored information
for every object therefore becomes a concern when there are too many source nuclides in a
single event, each needing to be decayed and tracked. Obviously this matters if interaction
between two decay chain isotopes is needed, but practically it is far better to treat each
decay as utterly independent. Fortunately the way the custom time handling class (Sec.

3.2.4) works, the number of nuclides will not be a problem in either case.

Implementation Going the event-by-event route, the idea is to sample from a list of the
source nuclides based on activity and decay that nuclide for the current event. This is a
simple and has very little overhead each event. All sources are defined at the start of each
run, with only random sampling happening once at the beginning of each event. A struct
is defined to hold the necessary nuclide information for convenience. This contains: Z, A,
excitation energy, and activity.

The first three are simply used to define the primary particle. A G4ParticleDefinition
object is returned after looking for the ion in a G4IonTable, then given to the G4ParticleGun

in the primary generator action class. Storage and sampling the list of nuclides is moved out
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of the primary generator action and into another class for better modularity.

Each nuclide is added to a vector with some activity (default 1.0), which is just a prob-
ability in this context and can thus be an arbitrary representation of the relative chance for
a decay. For example, two sources with activities 50 Bq and 100 Bq can be given as 50 and
100, 1.0 and 2.0, or 0.33 and 0.66 if normalised. A cumulative probability is calculated and
normalised to 1 to accommodate whatever format is easiest.

A basic loaded die method is implemented to choose a source, using the cumulative
probability. For the example case a G4RandFlat may choose a nuclide based on the returned
0-1 value. If the random number is within the range 0-0.33, return the first nuclide, otherwise
return the second when inside the 0.33-1.0 range. Naturally occurring radioactive material is

one such example where multiple nuclides are required.

NORM and the environment

As discussed in the challenges of RIID (Sec 2.2.2), Naturally Occurring Radioactive Ma-
terial (NORM) is primarily from the 23U, 2*2Th, and “°K decay series. This corresponds to
contributions from ~25 distinct radioactive nuclides. It is difficult to characterise not only
because of the large number of possible transitions from long decay chains [70], but also due to
factors such as low activities, other sources, local activations, and all the usual artefacts that
go along with gamma spectrometry (i.e. annihilations, fluorescence, Compton, etc...) [27].
For example, the °K prominence at 1461 keV [71] results in a large Compton continuum
that obscures and disrupts other low-intensity peaks.

There has been some work to simulate NORM to varying degrees of success [72-75], with
most agreeing that the profile may be reasonably represented using a few dozen of the most
probable transitions. The simplification was convenient for studies using MCNP, where all
of these must be explicitly entered by the user. For GEANT simulations, all transitions are
inherently considered by sampling from decay libraries.

Fortunately, in both the 233U and 232Th decay chains, all secondary nuclides have much
shorter lifetimes than the original. This means that any natural material is typically in
secular equilibrium, so the activity of any nuclide in the chain can be considered that of the
progenitor. Ratios for simulating the three primary nuclides becomes much simpler with this
assumption.

To investigate NORM simulation, a series of six spectra were collected sequentially with
live times of 7200 s, splitting up the total 12-hour run to guard against unforeseen circum-

stances and gain drifts.
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To aid in identifying photopeaks, a set of expected energies and intensities was compiled.
A decay-only FISPACT-II [76] model covering several million years for each decay series,
followed by extra code to extract the relevant information, listed relative intensities across
entire decay chains. With this, every significant contribution to the spectrum was identified,
finding two exceptions to be peaks at 662 keV and 2.22 MeV. Figure 3.13 shows a clear
example of how the local environment can alter the NORM profile. This 662 keV peak is
due to many 37Cs sources present in the source cupboard ~10 m away. The 2.2 MeV and
associated escape peaks are the result of a neutron bath housed in the same room, as explained
in Section 2.2.2.
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Figure 3.13: Example of extraneous sources contributing to the background profile. The 37Cs
seen in the experimental data present is absent from this point-source NORM simulation.

In general, the mid- to high- energy peaks are represented fairly well, but it is clear that in
Figure 3.13 there is divergence toward the low end. The primary cause of this is the amount
of backscatter seen.

When the simulation was simply a point source at 10 c¢m in front of the detector, the
<400 keV region contained almost no backscatter and fully captured the expected peak

intensities. In reality, NORM sources are embedded in building materials and the ground,
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meaning that there is likely to be significant attenuation of these over-represented low energy
peaks. There is also a strong probability that the photons entering the detector have been
scattered into the path of the crystal, resulting in a large continuum seen below 300 keV. As
mentioned, there have been many suggestions for dealing with this. One paper [73] suggests
placing the crystal 1 m above a disc of soil 20 m in diameter and 50 c¢m thick. The scale of
this makes it difficult to simulate in any reasonable amount of time. Others [74, 75] showed
that encasing a detector in a small concrete enclosure was accurate enough to simulate their
environment. This was more computationally favourable and was tested here, with the result

shown in Figure 3.14.
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Figure 3.14: Example of one attempt to generalise the background profile, this time with
NORM sources homogeneously embedded in surrounding concrete. Several peaks remain ei-
ther over- or under-represented in the low-energy region because of the dominance of backscat-
ter and attenuation.

This demonstrates the importance of backscatter and having an attenuating material.
Here the NORM sources were homogeneously distributed throughout a surrounding concrete
box. Unfortunately the backscatter and several peaks are still poorly reproduced. If absolutely
necessary, it may be possible to parametrise a function that approximates the profile, which

can be fit to real data and later incorporated into the simulated spectra.
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At this point, iteratively making arbitrary changes to the simulation geometry meant that
an over-specialised simulation was being developed for a specific background profile, which
fundamentally goes against the application-oriented goal of the research. This, coupled with
long simulation times, encouraged the conclusion that it would be impractical to simulate
background. Of course, this is only a major concern for high resolution detectors, as systems
with poor resolution smear out the features into a smoother profile.

It would be better to define a basic NORM template that contains a reasonable amount
of backscatter. Alternatively, one would obtain an experiential sample from the site to use
instead. Ideally though, during pre-processing of test data, a background subtraction may
be performed to remove the complication entirely, allowing machine learning models to be
trained on purely simulated data. Since this research seeks to include a variable background

intensity, a real sample is used as template for a realistic compromise.

3.2.4 Timing

As alluded to in Section 3.2.3, accurate timing information is important because it ex-
pands the scope of the simulator. For energy spectra this means the inclusion of summation
peaks, but with timing information comes the ability to emulate coincidence measurements
with detector arrays. In developing this functionality, challenges related to timing precision
became apparent. For the generalised solution needed here, methods were developed to work
in the background for any nuclide without user intervention. This section discusses how
these methods enable summations to be accurately included in the simulations, and how the

problem of timing precision was resolved.

The true coincidence summing problem

Initial %°Co simulations in GEANT contained the notable peak at ~2.5 MeV where MCNP
simulations were lacking. In MCNP, the supporting codes were only providing transition prob-
abilities from data libraries. The fact that this peak was barely seen is unsurprising given
the 2x107° relative intensity. More supporting code could be written to accommodate this
with the techniques described by Britton et al. [77], but this would require calculations of the
system geometry and a significant amount of user input. In GEANT, true coincidence sum-
mations are inherently included in the ‘per-decay accuracy’ approach to radiation transport.
The problem is not that there are no summations as with MCNP, but rather too many.

Following a decay in GEANT, the entire series of secondary photons and particles is con-

sidered part of the same event. T'wo photons created years apart may enter the same detector
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and deposit energy. Given no context, a decay will often result in spectra containing many
spurious summation peaks. This is a consequence of using a naive energy deposition model,
where anything that enters the crystal is summed and recorded as a single, overall energy.

This effect is very apparent in a **Ti spectrum at a 5 cm stand-off shown in Figure 3.15.
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Figure 3.15: Spurious summations between the 68/78 keV and the much later 511 keV or
1157 keV emissions of the *4Ti decay chain. In more complex decay chains there can be many
more false summations.

Even here, the summations can present significant features that need to be addressed. In
more involved nuclides and multi-nuclide sources, the complexity of the profile can increase
even more dramatically. In this case, the *'Sc emissions (78/68 keV) will occur hours before
the annihilation photons and **Ca de-excitations, as shown in the decay scheme of Figure 3.21.
To put this into context, the experimental system used here has a conversion time of around
2 ps, and is certainly fast enough to process the #Sc pulses before those related to **Ca are
produced in a single decay.

A strategy of comparing a list of independent tracks and summing only where appropriate
solved this problem. These ‘independent tracks’ must be reconstructed from collections of
individual steps before making comparisons. Methods were then implemented to find the

arrival time in the scope of the event, with a threshold set for considering two tracks as time

61



independent. Unfortunately, this highlighted other issues with handling timing information

that also needed solving later (see the precision problem in Section 3.2.4).

Track reconstruction

When a step is detected within a volume registered as ‘sensitive’, a Hit object is created to
store any relevant information. To demonstrate, the energy deposited by the photons labelled
Examples A and B in Figure 3.16 is found by collecting all steps within the volume, and then

reconstructing them into the two separate, independent tracks.
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Figure 3.16: Basic case to demonstrate the track reconstruction, with primary (green) and
secondary (red) particle steps shown. Examples A and B are two independent tracks that
must be reconstructed from Hit objects. In Example B, the parent-child chains are followed
through these Hits, and may be linked to combine the energy deposits of tracks z, y, and z.
Summation between independent tracks is based on the entry times ¢4 and ¢5.

Looking at Example A, there will be three hits for the photon, followed by a hit for each
secondary electron. As far as GEANT is concerned, these are three separate tracks. The task
of the reconstruction is to link the energy deposits appropriately. In Example B, tracks z, v,
and z must be summed to capture the full independent track.

The hits in the collection are always in ascending order of ‘track ID’?, which is just a unique
integer assigned to the track object. Unless the memory allocation or physics processes are
modified, all secondary particles created are added to the stack in order of production, while
the track itself is propagated to completion. Thus, a ‘parent ID’ is always available and can

also be stored in the hit. To reconstruct, the hit collection is looped over at the end of the

2If not, the data are stored in a C++4 map anyway so that it will not matter what is done to the stacking
action, the time data are automatically arranged in track order.
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event, with parent-child chains followed back to a common track seen entering the volume.

The process for each hit is outlined in the flowchart of Figure 3.17.

— > Process Hit[i]

Is track

independent? Yes Flag as new independent

track

Add to vector of

Follow parent-child chain to independent tracks
identify connected
independent track

| Initialise entry with energy
Add extra energy deposited and entry time of
deposited in Hit[i] Hit]i]

v v

Figure 3.17: Basic reconstruction of Hit data into independent tracks that are entering the
crystal. All energy deposits are added to that of the relevant independent track.

This reconstruction allows for multiple secondaries, and chains of secondaries, to all be
recombined into one independent track. Once these independent tracks are defined, timing
information can reveal correlations. If two of the tracks enter the crystal within some time
window they are summed, otherwise they are left separate. The final set of energy deposits
is added to the final histogram, sampling from a Gaussian for the energy broadened version.

By reconstructing independent tracks and summing as appropriate at the end of the event,
the computational expense is minimised. If conditions were enacted step-by-step as the hits
were created, simulations would be slowed significantly. As far as possible, the ProcessHits ()
method in the sensitive detector class should be doing the bare minimum, simply collecting
relevant hit information.

It must be noted that these tracks take time to deposit their full energy, but it is typically
in the order of picoseconds for most small crystal sizes [25]. Any other choice of definition for
deposition time will simply add a more or less constant offset and is not of practical concern
in this particular system, where the summation window is taken to be is as large as 2 us.

If a more rigorous look at the precise timings is needed, then further complications arise.
For example, the branch at ¢¢ in Figure 3.16 has a secondary electron which goes on to scatter

around. The time recorded for this new track starts at zero and must be considered relative to
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the parent track (i.e. the photon). This is true of every secondary, requiring methods to store
the parent-child chains of each independent track so that the steps may be looped over to
find a total deposition time. For the purposes of this research, the additional computational
expense was considered unnecessary given the speed at which energy is deposited, so only the
entry points t4 and tg are taken for comparison. In either case, a broader look at the ‘global’
time for the entire event is required, and the issues with doing so are discussed in the next
section. Figure 3.18 shows the result of the reconstruction to determine track independence

in terms of true coincidence summing.
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Figure 3.18: The times for tracks entering the detector are checked against an acceptance
window, and treated as independent if outside this time window. This removes the previous
false summations while retaining true summations.

One simple test of this is to collect spectra at various stand-off distances for comparison
with the %°Co summation. The result is shown in Figure 3.19, with good agreement to the
expected trends from geometrical calculations.

The concept of time in GEANT is actually tracked through several definitions. The most
important are those of Global and Local time. The global time is set to zero at the beginning

of the event, with all times calculated relative to this point. A local time is calculated relative
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Figure 3.19: Comparison of photopeak intensities as the position of a °Co source is varied.
Note the summation peak following the expected solid angle (£2) summation trend.

to the start of each track instead. This means that for local times, there is no continuity in
times recorded for secondary particles.

If only local times were taken for comparison, everything is likely to be summed because
photons reach the detector extremely quickly. The global time must be consulted for consid-
eration of state lifetimes. For example, this means the *Sc (78 keV) will not sum with the
41Ca (1157 keV) photon, which is created hours later. This was the case seen in Figure 3.15.
Unfortunately, this was not as simple as querying the global time for each track or step due
to the huge numbers involved. This led into the next generalisation challenge to be addressed:

timing precision.

The timing precision problem

A combination of a picosecond base unit and very long lifetimes results in truncation to
double precision, which can be extremely detrimental to timing information. For example,
any hope of nanosecond precision is certainly lost when comparing two times in years. The
solution is to reset the global time as appropriate while decay chains are being followed, and

find differences by calculating times relative to the closest common reset point.
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As mentioned previously, the issue with using the local time is that it is zero for the start
of every new track. This leaves the global time as the only usable reference point to put a
decay in the context of the whole event. Unfortunately, when it comes to radioactive decays
there is a vast range of lifetimes, anywhere up to billions of years. While the base unit for
GEANT may be picoseconds, the C++ double precision means that as soon as stored times
exceed ~16 minutes they start to round to the nearest picosecond. For a year the smallest
unit becomes ~32 ns. It quickly becomes unreasonable to look at any sort of detail of **Ti
for example, which is used in undergraduate experiments for investigating a 154 ns excited
state half-life [78]. The issue is an 87 year lifetime offset from the initial *Ti decay to *Sc.
This is demonstrated in Figure 3.20, where unmodified global times are compared directly

as soon as each track is created, leading to the clear artefacts seen.
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Figure 3.20: Demonstration of the loss of precision at large global times using the 154.8(8) ns
state in **Sc. The time logged measures the lifetime of this first excited state, with the
exponential fit showing an incorrect 157.3(5) ns half-life due to rounding artefacts.

One way of addressing this rounding problem is to reset the global time to zero when the
first photon is created, keeping the magnitude small enough to avoid non-negligible rounding.
This is fine as a specialised solution, but a method was required for generalised use that would

work with any nuclide given by the user.
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A new timing class

The original approach was to simply reset the global time to zero whenever a decay results
in a change in proton number. Recorded times are then always relative to the populated
state of the new nuclide. This is flawed in that there may be long lived states, and that the
global time has already been updated. The current implementation therefore looks at particle
lifetimes before enacting physics processes, and then decides whether or not to reset.

To account for long-lived states, the current reset conditions trigger when either a new
nuclide is created or a long lifetime is seen. These prevent too much time building up between
resets, and provides conceptually easy markers for debugging and ensuring physical accuracy.
The “*Ti example is continued here to demonstrate reconstruction when there are multiple

nuclides, while having relatively few emissions for simplicity (Fig. 3.21).
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Figure 3.21: A simplified **Ti decay scheme, showing reset points (dashed red) for the global
time. All time differences are calculated to the nearest reset point rather than the primary
particle, keeping the magnitude of stored values small.

To find global time differences with the precision needed, a custom class was made with
a static method to allow a std::map to persist across multiple instances. This means that
information can be easily accessed and updated at any level of the event.

The map always consists of a <key> and <data> pair, and was chosen for the standard
methods that come with it and the fact that everything will be sorted in key order, regardless
of when the entry is made. In this case the key is the track ID, so changes to the stacking
action do not effect the timing methods. The data are stored as an object containing parent

ID, global time, local time, and whether or not the track is a reset point.

67



‘ New track created ‘

v

Add parent ID and global
time to <track ID> key

Is new nucleus

OR Is t,,> user

— Flag as reset point

v

Reset global time to O ps

Continue normal
physics processes
Figure 3.22: Adding timing data for each new particle track, resetting the global time to zero

at key points to manage magnitudes of stored times. The conditions for doing so may be
redefined as needed since the handling of timing information is self-contained.

The method outlined in Figure 3.22 is simply noting any reset points (red boxes Fig-
ure 3.21) where relevant, and filling up the necessary information along the way for use at
the end of an event. The crucial part is zeroing the global time. This keeps all of times at
a manageable magnitude because they are generally relative to a populated state, not the
parent nuclide. Again, with how tracks are added to the stack, all necessary information is
available to the sensitive detector should it be needed mid-event. Adding calculations so low
in the simulation chain would result in poor performance, but the option is there.

Once reconstructed, independent tracks are checked to see if they should be summed
together based on some acceptance window as outlined in previous discussions. This heavily
relies on the methods of this new class to ensure precision is maintained. Without it, a
1x 108 yr half-life may easily round to the nearest 32 ms, far beyond the 2 us window.

To determine whether independent tracks are to be treated as separate, two time values
are needed: the difference in creation time, and the difference in arrival time at the detector.
The creation time offset is calculated via a generic interface of this new class, where any two
existing track IDs are given as arguments. The arrival (or travel) times may simply be taken
from the local time. For the summations then, the two offsets are summed to give a total

that is not calculated through detrimentally rounded values.
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Expanding simulation capability

To maintain precision in recorded time information, some form of reset was now being
applied and tracked, and a generic method written to find the time difference between any
two tracks. This opens up the possibility of simulating coincidence experiments and other
time-sensitive simulations that would otherwise require bespoke solutions. One related project
even investigated the simulation of signals for pulse shape discrimination for RIID [79].

For simplicity on the user side, two ‘triggers’ may be set just as they would experimentally.
If the full energy deposited is within some energy window, the appropriate trigger stores the
track ID. A basic example is shown in Figure 3.23 to remain consistent. The red box shows

the reset point, while blue boxes are reconstructed tracks found in the crystal.

41Sc[146] :— (51 ps)
V78] —- e —>e —>e'! Start
“Scle8] ¢ T P
M p— Stop
44SC[0] _Y (4 )

Figure 3.23: A scandium-44 example for global time reset and base offset calculation. The
red box indicates a reset point, while blue boxes are reconstructed independent tracks.

In this case, two triggers would be set to 78.3£0.1 keV and 67.9+0.1 keV for a check in
the sensitive detector class. At the end of the event, if both triggers were activated, the time
difference between the two independent tracks is calculated. Again this may be calculated
with precision for any two tracks, but by adding this trigger mechanism at a higher level,
there is a clear parallel between simulation and experiment. Taking only the creation time
difference for a moment, this strategy may be used to repeat the measurement of Figure 3.20.
The result is shown in Figure 3.24 and contains none of the previously seen artefacts and
agrees well with the literature value.

One good test of these generalised techniques is to define 232Th as the primary particle
for an extreme case. This has a large, 1.4x 10 yr half-life, and typically decays through nine
nuclides and two significant branches before reaching stability. At the end of the chain, one of
these branches sees 2%°T1 8~ decay to 2°Pb, which may de-excite through a state possessing a

294 ps half-life. The result of setting the appropriate trigger energies is shown in Figure 3.25.
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Figure 3.24: Demonstration of the time reset methodology for the 154.8(8) ns [80] half-life in
4Sc. Since GEANT samples from literature values, Figure 3.20 should have agreed this well.

Intensity [a.u.]

1074 -

10—5 L

[ ] **nar 277583 kev

Fit AT [t , = 289(1) ps]

500 1000 1500 2000

2500
Time [ps]

Figure 3.25: Time spectrum of a late stage excited state of 2*®Pb in the long ?*?Th decay
series. The fit half-life of 279(2) ps compares well to the 294(15) ps [81] literature value,
maintaining precision with no effort on the part of the user.
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Making use of mother volumes and copy numbers, it also becomes very simple to make
duplicates of detectors. Setting up a more modular detector construction class, arrays of
detectors are easy to include. A two-detector system may be created that mirrors experimental

coincidence measurements, as shown in Figure 3.26.

Figure 3.26: Multiple detectors with a central **Ti source for -7 coincidence measurements.

Again, using the *Ti example for continuity, the triggers may be set appropriately and
some conditions added to the sensitive detector. Time differences are recorded only when the
two tracks enter separate detectors. The time calculated is then passed through a sampling

function much like that used for GEB, as physically, the same principles apply.
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Figure 3.27: Comparison to the #Sc lifetime measurement from Ref. [78]. The real data are fit
with a convolution of a Gaussian and exponential, with the simulation in excellent agreement.
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Figure 3.27 demonstrates how this compares to real data. The fit is a convolution of a
Gaussian (from time resolution) and an exponential (from the excited state lifetime).

With multiple detectors and coincidence measurements possible, it follows that angular
correlation experiments might also be emulated. In this setup, a plane is chosen, and the angle
between detectors varied around a central source. A good example of this is the 4t —2% —0"
cascade of ®°Co. To demonstrate a current limitation, the 1%™Ag source is used here. This
has the same cascade, but with the added benefit of a 67 state above that. As Figure 3.28

shows, angular correlations are only partially implemented in this version of GEANTA4.

—— 18mAg 4%-2"-0"
—— 18"Ag 6"-4"-2"

110 — Theoretical

Normalised Intensity

Angle [rad]

Figure 3.28: Partially implemented angular correlations of GEANT. As the 1%™Ag example
shows, any nuclide with the same 47 —2% —0" cascade will work, but there is no generalised
solution implemented for any other set of transitions. The 6% —4" —2% is expected to show
the same trend (though slightly supressed).

Unfortunately, the currently included implementation of angular correlations [82] are slow
for anything other than the demonstration case of %°Co. As such it is not enabled for anything
other than the 47 —27 —0" shown here, failing to show anything for the 67 —4% —2% that
should have the same trend. The options are to create overly-specialised solutions, wait for
GEANT development to implement it, or create the generalised technique personally. Since
none of these are favourable and the extent of the correlation is negligible for RIID, no further

work was carried out to implement angular distributions.
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3.3 Summary of simulator

The simulator presented is a major focus of the research. It provides the foundation for a
rapid development environment by supplying y-ray spectra for a diverse range of applications.
Research aims quickly moved toward applying machine learning techniques to the RIID
problem space, with the vast majority requiring large datasets filled with example spectra
to learn from. The use of simulated spectra is well matched to such techniques, with a good
simulator bypassing the need for experimental data in prototyping phases. Section 2.2.4
highlights a recent tendency to adopt this approach.

Through the work presented in this chapter, a generalised spectrometry simulator was
developed that could reliably reproduce the energy spectra of even high resolution detectors.
All the important features are accurately reproduced, with GEB and multi-isotope sources
included. This extends to the more subtle effects, such as the extra broadening of annihilation
peaks, X-ray fluorescence, and true coincidence summations.

While there is a tendency to ignore the summation peaks, this work felt the effect of close
source-detector geometries was important for practical RIID (see Sec. 2.2.1). To accommo-
date this, significant work on the handling of timing data at a fundamental level made this
information readily available. The result is a simulator with extended functionality towards
more in-depth investigations, such as coincidence and angular correlation measurements with
multiple detectors. On a case-by-case basis, this is not too difficult to achieve. However, the
generalised techniques implemented here allow for far more versatility.

Of course, no simulator is ever perfect, especially those intended to be a generalised
solution. The angular correlations showcased demonstrate the partially implemented func-
tionality of the current GEANT source. While negligible for this research, a solution would
have to be manually coded for applications that require it.

The greatest source of discrepancy in the overall profile of a spectrum is always in the
low (<100 keV or so) energy region. The backscatter, NORM, and extraneous background
sources are so specific to the environment and surrounding material that a generalised profile
becomes impossible to replicate.

With an awareness of these current limitations, the simulator was certainly good enough
to closely reproduce even HPGe spectra with minimal effort. For lower resolution detectors,
backscatter and NORM effects are somewhat mitigated due to most of the subtle features
being smeared out. It now rapidly supplys example spectra for various RIID conditions. The
next chapter details how these spectra, along with their experimentally obtained counterparts,

are used to create large datasets full of examples for machine learning models to train on.
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Chapter 4

Data preparation for machine learning

4.1 Datasets

Machine learning techniques always require good data to learn from. As outlined in Sec-
tion 2.3.1, the data need to be split into three sets: training, validation, and testing. In this
research the majority of training data are simulated spectra, with models tested against
real spectra that were collected experimentally. The core set of radioactive sources used are:
HIAm, 18mAg 133Ba 207Bj 0Co, 137Cs, 192Eu, 22Na, and *Ti. Use of these readily avail-
able sources is convenient for validation of simulations, and for comparison against similar
published work.

The RIID conditions chosen reflect real challenges, so variations in parameters such as
shielding and stand-off distance were included beyond simple point sources. Combining sev-
eral setups with every possible unique combination of sources and effects, it becomes impossi-
ble to collect a comprehensive set of experimental data. Even simulating multiple samples for
each situation would require a significant investment of computational resources and time.
‘Template spectra’ were therefore used instead, providing excellent examples of the core
problem that may be augmented later. Through techniques developed here, large datasets

for prototyping are generated extremely quickly, even on the i5-5200U of this author’s laptop.

4.1.1 Template spectra

In data science it is common practice to augment small datasets to create additional, and
equally valid training samples from which to learn. One example is changing the rotation or
altering the colour balance of samples in an image dataset. Here, it is almost impossible to
physically collect a large enough dataset to be useful, so this augmentation concept is applied

to gamma spectra too.
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Fortunately, with the domain knowledge necessary to understand the physics and signal
chains that produce gamma spectra, several realistic perturbations may be implemented.
These are discussed in detail in Section 4.2.1. The main prerequisite is having a good exam-
ple to work with, so spectra with good statistics are required to act as templates. There is
typically one template for each source per varied parameter (e.g, number of shielding plates).
Even multi-isotope spectra may be built up surprisingly well from template combinations [16].
Note that an environmental background template is always experimentally obtained because,
as reviewed in Section 2.2.3, it is impractical to simulate and extremely difficult to generalise.
For these reasons, all template spectra are calibrated to allow direct combination and com-
parison, with a consistent 8192 channel structure ensured between simulation and experiment

over a 0-3 MeV range.

4.2 Preprocessing techniques

Specific details of various datasets are mostly excluded from these discussions. The tech-
niques presented are generalised to apply to any augmented dataset built up from template
spectra. The ROOT [83] analysis framework is used for all preprocessing due to the excellent
infrastructure surrounding histogram objects. The templates, simulated or experimental, are

built with the following process:

1. Convert template spectra to histogram objects
2. Find all possible unique combinations of the template set
3. Loop over unique combinations:

(a) Make N training samples with randomised perturbations of:
i. Total counts
ii. Gain shifts
iii. Low energy discrimination thresholds
iv. Relative activities

v. Background contribution
(b) Rebin each template to downsample

(¢) Normalise intensities
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The detail of each step is outlined in Section 4.2.1. The idea is to start with a minimal
library of the computational/labour heavy spectra, and then combine them with random per-
turbations to massively scale up the dataset. This is only possible because the augmentations
are physically viable and there are enough degrees of freedom to allow it. The parameters that
define each training sample are also logged for reference. The following sections go through
these step-by-step to provide detail of the datasets used and justify any choices made. In ma-
chine learning, it is so important to understand the content and scope of the datasets used for
an accurate portrayal of performance. For example, a model trained on perfectly calibrated
spectra will perform well when tested on the same, but providing shifted test spectra will

exceed the scope of the model and fail.

4.2.1 Methods
Templates

For real data, the Maestro .Spe ASCII format spectra are converted to several ROOT
style file structures for flexibility. The C++ code written to do this strips the header and
footer information while recording live times for background subtractions later. Data are
converted to TH1D histogram objects and saved as individual histograms. This allows for
extremely convenient comparison to the simulated spectra produced by GEANT, and makes
all the functionality of ROOT readily applicable.

Experimental data inherently contain environmental background, which must be removed
from the spectra to create templates containing only contributions from the source of interest.
It is often the case that there are no gain shifts over the course of the experiments, so
background may be scaled appropriately based on the live time before being subtracted
channel-by-channel from source spectra. If this is not possible, all spectra are calibrated
before the subtraction, though this introduces marginally more uncertainly having re-binned
based on a calibration fit.

These background subtracted spectra become the templates upon which a dataset is built.
For the sake of example, the 10 cm stand-off data for a Nal detector are used throughout.
The template histogram objects are listed in Table 4.1.

It is important to assign a numerical ID to each template that is to be included in the
dataset so that all unique combinations will be represented appropriately. This is also used

in producing multi-isotope spectra.
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Table 4.1: Example template mapping.

Assigned ID | Template source
1 IOSmAg
241 A 1
133Ba
2074
Co
137CS
152y,
2Na,
]

© 00 1 O T = W N

Multi-isotope combinations

There will always be multiple isotopes in real spectra. This is often environmental back-
ground, but may also be medical and industrial isotopes, or more a complex material contain-
ing many sources. It is therefore crucial that multi-isotope spectra are included in the training
and validation datasets so that the models may learn the features that best distinguish one
source from another. While this can be done by the simulator, the time taken to simulate
many different combinations of relative activities would be counterproductive. Combining
single isotope spectra in post-processing is much faster, allows for arbitrary activities, and
emulates multi-isotope spectra surprisingly well [16].

Ideally, the dataset will contain a sample for every possible unique combination of sources
to build up a comprehensive set. The number of unique permutations (N,) of a vector con-

taining n values for a given subset (size r) is simply,

n!
N, = m (4.1)
For example, given the nine templates in Table 4.1 there are 84 possible ways to combine
three sources. The order is not important, but each combination can not be repeated. Code
was written to return a vector containing every unique subset of Assigned IDs, and it simply
becomes a matter of looping over this to build spectra containing the required sources.

If every combination of sources was to be included, this makes a total of 511 unique
combinations. This is true of all datasets used unless stated otherwise. In doing so it is
ensured that every possibility for a particular RIID scenario is represented in some way, and
that the model learns not to rely on features that may often be obscured by more dominant

features of other isotopes. Of course, 511 spectra constitutes a very small dataset and would
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only contain ideal representations of mixed isotopes that all have the same activity. This is
where the augmentation idea returns. Instead of randomising rotation and colour balances in
images, the spectra are augmented by including random perturbations that emulate physical
effects. However, before these operations can be applied the samples must first be created,

and for that the relative activity and total number of counts in each spectrum must be
decided.

Building a sample

To build up a spectrum from template spectra, the relative activity of each source must
be decided. Like all predictable unknowns, it must be assumed that anything is possible
within appropriate ranges. A vector of factors is created and filled with numbers randomly
sampled using a uniform TRandom method from a 0.25 - 1.0 range. Each isotope will have a
corresponding number to represent its share of the total counts.

The templates contain no environmental background. If they did, the background would
be significantly overrepresented in spectra containing more isotopes. An additional factor for
the background contribution is included, but capped at 25% of the total counts to prevent it
from unnaturally dominating spectra. The vector of factors is finally normalised to 1, making
it clear what fraction of the total counts each template is to contribute.

The number of total counts used to create a sample is randomly sampled from a loga-
rithmic distribution. This ensures there are more samples created with poorer statistics. Of
course, a reasonable minimum is enforced depending on the situation, often simply taken as
500 counts per template involved. This is sampled using the TRandom exponential random
number generator, with the slope parameter 7 defining how biased the dataset is to poorer
statistics. The choice of 7 is somewhat arbitrary, so a value of 0.3 was chosen such that
spectra with the minimum number of counts are roughly an order of magnitude more likely
to be created than those containing the maximum.

At this point a total number of counts is decided, as is the contribution of each source
to the final spectrum. Normalising template spectra transforms them into probability dis-
tributions that may be randomly sampled. This goes back to Monte-Carlo methods, where
sampling from known underlying distributions eventually builds up a more accurate rep-
resentation of reality. The template spectra provide these distributions, and by sampling
a small number of total counts, the poorer statistics of a short acquisition is emulated as

demonstrated in Figure 4.1.
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Figure 4.1: Example sampling of template spectra, downsampled for clarity. The original
template for this selection of experimental *?Eu data are well reproduced with 1x10¢ ran-
domly sampled counts, while worse statistics are emulated by taking only 1x10* counts. In
the higher energy regions, where photopeaks are less prominent, the noise becomes even more
exaggerated.

Threshold and noise

While the spectra remain calibrated, a lower energy discrimination can be applied. This
replicates the common experimental practice of setting a small ADC threshold to exclude
low level noise, with any counts in bins below this threshold set to an intensity of zero. This
may be seen in the real data of Figure 4.1, where the threshold was ~10 keV. Taking the
training samples to more of an extreme, a maximum energy of 50 keV is generally defined
when randomising a threshold. This <50 keV cut is limited for the sake of ?*!Am, which
predominantly emits a 59.5 keV 7-ray, while remaining large enough to remove significant
peaks from several sources. The random element comes from taking the product of threshold
energy and some scaling factor, typically 0.5-1.0 from a uniform random distribution for the

purposes of these data. An example of the potential information loss is shown in Figure 4.2.
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Figure 4.2: Example of the loss of information with 50 keV low-energy discrimination. Sim-
ulated spectra are used for demonstration purposes. Note that these low energy peaks are
typically the most dominant features, making their loss significant for RIID. The 2*'Am
spectrum is seen here in its entirely, hence the 50 keV maximum.

This mostly effects 1%mAg, 133Ba, 137Cs, and '%2Eu, all of which have distinct photopeaks
below 50 keV. This can make it particularly difficult to distinguish 37Cs from other sources.
Losing the 32 keV peak leaves only one peak in the spectrum to use as a feature, much like
241 Am.

Gaussian noise may also be added to spectra. This is rarely used due to the inherent noise
in the spectra created by randomly sampling templates. Poor statistics is mimicked well by
sampling a low number of total counts from templates anyway. However, if required there
is the option to include even more noise via a channel-by-channel multiplication of counts
based on randomised sampling of a Gaussian. The function in Equation 3.1 will have a mean
of 1.0 in this case, with some width defined by the user. An example is shown in Figure 4.3

for a %°Co spectrum.
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Figure 4.3: Gaussian noise added to a ®*Co spectrum with width ¢ = 0.2 as an alternative
for emulating poor statistics.

Gain shifts

One of the most challenging transient effects that every algorithm has difficulty with is
gain shift. There are drift corrections that can be applied online or in post-processing [84], but
the datasets used in this work are provided to models uncalibrated. The models simply receive
a vector of intensities with no information about the corresponding energies. It therefore
forces the learning of more general features in the profile of gamma spectra without relying
on matching energy to intensities. This goes far in mitigating the fundamental problem of
varying energy calibrations, where algorithms such as library comparisons would constantly
need to correct the calibration over time.

Simple variation in the applied calibration changes only the energy assigned to each
bin. This is a problem for emulating gain shifts, as demonstrated in Figure 4.4. The 2x
calibration factor has merely reassigned bin edges to the new energies as expected. Introducing
a gain shift for these datasets requires energy to remain both consistent and irrelevant,
decoupling the bin and its intensity. Since the model receives an array of intensities, changing

the calibration changes nothing. The photopeaks must move position in the array.
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Figure 4.4: Calibration change, altering only the energies assigned to each bin. Bin 17 still
contains N counts but is now twice as wide on the same energy scale. This is useless for
models that take only the intensities, as the peak has not moved position in the channel
array.

In this case, the counts of bin(17) need to be moved to around bin(34) for a 2x gain shift.
Shifts are therefore tackled with a rebin and interpolate strategy much like that of Kamuda
et al. [16].

Re-binning commonly refers to downsampling histograms in factors of two. For example,
transforming a 2048 channel spectrum to 512 by summing adjacent channels in sets of four.
This is a simple operation is part of ROOT’s core functionality. Factors for gain shifts can take
any value however, so the intensity of any particular bin must be inferred from interpolation.
Through this, the original bin and energy structure is conserved, while only intensities are

reassigned. The result of doing so is shown in Figure 4.5.
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Figure 4.5: Gain shift, maintaining bin structure and moving counts around. The N counts of
Bin 17 are now split across Bins 33 and 34 of the same array. Useful for models that take only
the intensities, as the peak has now moved position in the array. This also has the advantage
of inherently accommodating arbitrary and inconsistent bin structures.

Now, the bin structure remains consistent with the original after applying a gain shift,
while the intensities are reassigned within the channel array. The new intensities are scaled
by 0.5 in this case since the original counts of bin(17) are being split over bin(33) and
bin(34). This is not necessary since normalising will do the same thing, but as a stand-alone
operation the rescaling of absolute counts is included for completeness. Of course, these are
simple examples, but by interpolating intensities the original bin structure and gain factors
may be any arbitrary value, not just factors of two.

Note that it is easier to interpolate from a factor >1.0 since data are pre-existing. A
shift <1.0 requires knowledge of features beyond the upper bound of the histogram. This is
fine if data are available, when only a 0-3 MeV range is taken from a more comprehensive
spectrum, but could otherwise present an issue. For example, there may be no knowledge of
the 4.4 MeV from excited >C nuclei. For the isotopes used in these datasets it is known that
there are no significant transitions beyond the ~2.6 MeV of 2%Pb, with any summations
being minor enough not to create distinguishable features over the experimental timescales

used. However, this is something to be taken into consideration for future RIID conditions.
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Figure 4.6: An example 1.9x gain shift applied to a multi-isotope spectrum containing %" Ag
and ®°Co. The 2.0x upper limit for gain shifts was chosen to accommodate the dominant
60Co peaks, though for spectra such as 2°"Bi some more minor high-energy peaks will be lost.

For the 0-3 MeV range chosen for these data, the shift factors are randomly sampled from
a uniform distribution in a 0.5-2.0 range. The lower limit allows the low energy **Ti and 2°"Bi
peak pairs to look extremely similar once aggressively re-binned in the final stages, removing
any chance of the **Ti pair being separable in Nal spectra. The upper limit was chosen to
ensure the primary %°Co peaks remain part of the spectrum, though the summation is of
course lost as seen in the example of Figure 4.6. Taking gain shifts to these extremes allows
for a true test of a model’s ability to make the most what features it can distinguish, learning

not to rely too heavily on less consistent features in the overall profile.

Standardisation

Standardising the input is one of the key tenets of machine learning. While there are ways
around this with special network architectures such as the fully convolutional network [85],
it is far simpler to enforce a standardised input for both the model and user. The initial

step is to aggressively downsample the original 8192 channel spectra with the typical re-
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binning operation. The reasoning for this is twofold: computational expense, and feature
enhancement.

A 8192 channel structure is often beyond what is necessary for distinguishing peaks over
the chosen energy range, especially for Nal spectra. This was chosen to provide excellent tem-
plate spectra from which the augmented data would be sampled. By performing operations
on tensors that have had a dimension reduced by a factor of eight, computational expense is
significantly reduced over many epochs that process thousands of spectra. To give an exam-
ple, the reference model of Chapter 5 was typically trained on a ‘small’ dataset containing
10* spectra over 150 epochs. Secondly, spectra containing relatively few counts render many
features virtually indistinguishable from noise. To help these spectra it is beneficial to cluster
sets of bin intensities into single values that enhance prominent photopeaks, and smooth out

the surrounding noise. An example of this is shown in Figure 4.7.
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Figure 4.7: Fairly extreme example of re-binning %°Co spectrum taken with a Nal detector.
With only 8000 counts in total, the original structure is noisy, even in such a simple spectrum.

The final step is to normalise the intensities by total counts. It becomes far easier to
compare profiles on the same scale, and the vast majority of machine learning models perform
better when dealing with data close to zero [14]. These are stored as floating point values to

marginally reduce storage requirements.
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4.2.2 Handling large datasets

Originally the training spectra were all loaded into memory for use in the model. Of course,
even with small datasets the ~10? intensities in each sample quickly produces an extremely
large array. On top of this, another dimension is required for storing the target outcomes (i.e.
which sources are present in the spectrum). This is, after all, a supervised learning problem.
A solution was therefore required that would load training data in manageable batches, and

keep track of associated labels.

Label preparation

The most convenient method to maintain knowledge of the labels and cut down on mem-
ory usage is to change how data are provided to the model. As the next section describes,
spectra may be loaded as-needed while the model trains. If spectra are stored as individual
files, then only the name of the spectrum and a list of the sources present need to be readily
available in memory. A unique number is assigned to every sample of unique source combina-
tion when compiling datasets. Spectra are stored not only collectively as ROOT objects, but
also individually in ASCII files. The names of any ROOT object or file are all of the format
where a unique identifier is followed by a delimited list of the sources present. Everything
the model needs to know about target outcomes can therefore be derived from just the file
names.

In preparation for training the model, directories containing data are queried and two
python lists created: one for the path to each spectrum, and one for the associated sources
present. This translates to having a list of file paths and a list of target labels. For example, the
filename ‘100_Ag-108m_Co-60_Ti-44’ allows simple string operations to make a label list of
[‘Ag-108m’, ‘Co-60’, ‘Ti-44’]. Consistency is ensured when modifying either list. Both
are then randomly shuffled to ensure each batch is not just a collection of similar spectra,
and to reduce over-fitting problems.

The file and label lists are kept separate because they have very different purposes and it
is conceptually easy to do so. The file path list is used in a generator to load spectra in small
batches. The label list is used as an array of target outcomes for the model.

In this work, the problem may be framed as that of a multi-class, multi-label classification
task. For such a task, the model output is generally a 0-1 value for each label that indicates
the probability of a source being present in a spectrum. The model therefore needs to compare
to a binary target of 1 (present) or 0 (not present) for each source, hence the use of a binary

cross-entropy loss function (Eq. 2.8).
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Every entry in the target label list is ‘one-hot’” encoded with a multi-label binarizer. Take

the following example set of five possible classes:
[‘Ag-108m’, ‘Am-241’, ‘Cs-137’, ‘Co-60’, ‘Ti-44’]

An array of five binary indicators is created for each label list entry, with ‘1’ indicating the
presence of a particular label. A spectrum containing only 2! Am is therefore [0 1 0 0 0].
If the sources present were 2! Am, °°Co, and #*Ti, the label becomes [0 1 0 1 1]. After the
binarizer object is created it becomes trivial to switch between human readable text and the
model comparable binarized forms. Once prepared, both the file paths and binary labels are

passed to a custom batch generator.

Batch generator

A python generator allows for a function to be declared that will behave like an iterator.
In the context of this work, this means that training spectra may be fed to the model in
real time as needed. Tensorflow keras has a similar object called Sequence that does much
the same, with the benefit of being far safer for multiprocessing. This is due to additional
backend that guarantees the model will only train once on each spectrum in the training set
over the course of an epoch.

A custom ‘batch generator’ class was written using the sequence object. The shuffled file
path list is provided in batches of typically 32 spectra. The training spectra and associated
target labels are stored in multidimensional arrays, with spectra read from the file paths
provided. This array is reshaped to a (32, 1, 1024, 1) tensor for compatibility with model
input conventions, the sizes corresponding to (batch size, height, width, depth). This
changes the loss function slightly, so more rigorously a cost function (C') is now being used
over the batch rather than the loss of a single sample. This is simply the average loss over

the batch of n samples,

n

C = % > L(yipi). (4.2)

i=1
For efficiency the batch generator is run in parallel with model training. To ensure there is
no delay while batches are processed, a buffer of several batches is loaded in a small queue.

Returned data are a set of spectra to train on, and the associated target labels for the batch.
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Extended Usage

With everything now only dependent on lists of files names which are to be included,
there is no reason why the training spectra must come from a single dataset. This makes
it very simple to selectively choose subsets of data so they can be mixed and matched as

needed, as shown in Figure 4.8.

Dataset A Dataset B
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1 Light/
2 . I S SO [ [
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Figure 4.8: Example selection of arbitrary datasets to build up customised training and test
sets. Samples are stored individually in the core datasets, with subsets chosen by specifying
paths in the files paths list. This is then used to generate the associated labels list.

In the example here, subsets of distinct datasets may be brought together. The example
takes spectra from Set A at 1 cm containing 3-7 isotopes, and combines them with samples
of spectra from Set B of heavily shielded conditions that contain 1-3 isotopes. Since all string
handling and subsequent binarization occurs after a file path list is generated, the only manual
input required is to arbitrarily choose the subsets through common interfaces. Funnelling
everything through the list system scales well to being able to choose any collection of subsets
many dataset libraries that may be available, and allows datasets to remain modular. This
is especially beneficial when there are new data to consider, or if calibrations vary between
datasets.

The simulation environment has been developed and to address the forward problem,
creating accurate spectra for various RIID conditions. In this chapter, techniques were de-
veloped to scale up datasets from a template library, preparing them for machine learning
models. The next chapter discusses the final stage of this research, where the reverse problem

of identifying unknown sources from gamma-ray spectra is addressed.
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Chapter 5
Radio-isotope identification models

It is evident that to get to this stage from nothing, a significant amount of preparation
was required. By reviewing historical approaches to RIID (Sec. 2.2.4), it was clear the chal-
lenges were primarily in handling transient effects that would alter the profile of a spectrum
or change the calibration. This led to machine learning approaches based on ANNs. These
rapidly grow in complexity and consider all channels independent, so it was recently sug-
gested that CNNs may provide a better alternative [54]. Promising results were found after
independently testing very basic CNNs, so they became a focus of this work.

A generalised gamma simulator was developed using GEANT4 so that a diverse range of
RIID conditions could be tested in a rapid development environment (Chap. 3). This included
the flexibility to easily swap out detector types and change simulation geometries, while hav-
ing access to a wealth of information not easily obtained by the user in more rigid frameworks
such as MCNP and GADRAS. Timing information became crucial to accurately reproducing
true coincidence summations, and enabled the simulation of coincidence measurements with
multi-detector arrays.

It was apparent that the large data sets required for effective deep learning were imprac-
tical to obtain experimentally or even simulate, so data sets were built up from a library of
template data that represent perfect examples of various conditions (Chap. 4). By under-
standing how the problem must be framed for CNNs, data sets were converted into formats
that the models can understand, while providing the binarized target outcomes needed for
supervised learning. All that remained was to develop these networks for RIID, and the initial
approach was to use a sequential CNN. For most of these investigations, the focus was on
spectra from Nal detectors that have relatively low energy resolution, due to their prevalence

across many RIID applications.
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Sequential CNN

A sequential CNN is structured as a stack of layers, where each layer has one input tensor
that maps to one output tensor. There are more advanced models such as the inception
model [86], where an output is shared between multiple operations and recombined later. For
exploratory investigations, a reference model with the basic sequential architecture provided
a baseline. This became a foundation for further development, making model prototyping
much quicker.

The sequential reference model used is slightly modified from that of Figure 2.14. The
model is broken up into modules for performing convolutions, where the features are learnt,
and a final classification module that makes the predictions.

The TensorFlow [55] libraries were used throughout this work due to the excellent higher
level functionality that made prototyping and analysis far more accessible. The functional
Application Programming Interface (API) for TensorFlow allows everything to be written
in Python. This further streamlines the process, making available the excellent functions of
the scikit-learn [87] modules for performance analysis. Unfortunately, these functions are
tailored to images, so analysis tools had to be modified because of the special 1D case and
extended to accommodate this multi-class, multi-label solution. These codes were moved to
the BlueBEAR High-Performance Computing (HPC) servers at the University of Birmingham

to train multiple models simultaneously.

5.1 Reference data sets

It is important to understand the data, so the relevant information on the data sets
used for training and testing is outlined in Table 5.1. Here, the training data are entirely
simulated to accommodate an often overlooked challenge that may occur during deployment.
A new system may not have enough, or indeed any, real spectra to learn from. While a few
samples can be collected quickly, it would be of great advantage to be able to reliably train
on purely simulated data. This would provide a working system from the outset, with easy
incorporation of new or complex conditions. Further training would be carried out to refine
performance once the system was in place, once on-site experimental data becomes available.

Section 4.2.1 details the implementation of the various operations listed in Table 5.1.
The reference set used contains spectra from Nal detectors. These have relatively low energy
resolution, but are by far the most widespread detector used for RIID. Most importantly, all

spectra are provided to models with no calibration, passed simply as a vector of intensities.
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Table 5.1: Scope of the training and test sets.

Parameter Training set Test set
Type simulated experimental
Total counts sampled 102 - 10° 102 - 109
Total sampling method logarithmic logarithmic
Background cap 25% of total counts | 25% of total counts
Gain shift 0.5-2.0 0.5-2.0
Low energy discrimination <40 keV 15 - 40 keV
Sources in multi-nuclide spectra 1-9 1-9
Samples per unique combination 20 20
Number of channels 1024 1024
Training/validation split 50/50 N/A

It should be noted that the background included in both sets is experimentally obtained.
The reasons for this are discussed in Section 3.2.3, detailing compromises made for the sake
of generalisation. The background contribution is capped at a fraction of the total counts so
as not to unnaturally dominate spectra, though 25% is still an exaggerated contribution. It
is ensured that every unique combination of possible sources is present in the full set. The
training set is randomly shuffled and split into training and validation sets. With smaller
sets it is therefore possible to not train on certain combinations. The 50/50 split means that
there is an average of just 10 samples for every unique multi-isotope combination.

The test sets are entirely generated from experimental spectra, and have much the same
properties as the training sets, including the extreme gain shifts. There is a natural threshold
at ~15 keV due to a low level discrimination set for the ADC. One important point is that the
simulated spectra are imperfect. While some backscatter from the detector itself is present,
these spectra contain no additional backscatter from surrounding materials that will often
occur in the experimental spectra. Again, this is a choice made to emulate the challenges
of practical deployment, with simulations favouring generalisation over the kind of accuracy
that is possible with bespoke solutions.

Every model variation to be discussed is trained from scratch on four separate data sets
(A-D), each generated with a different random seed. In smaller sets especially, this could end
up having the effect of providing a poor representation of the associated test sets. In general,
the more comprehensive a training set, the better the performance seen. Six test sets are
evaluated for similar reasons, with the average taken to represent all performance indicators.

For brevity, it should be assumed this is the case unless stated otherwise.
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5.2 Hyperparameter trends

‘Hyperparameters’ are all of the higher level variables that relate to the structure and
training of a model. The number of convolution layers, filter sizes, and initialisers used are
all examples of hyperparameters. Assessing how performance varies as these are changed is
a fundamental part of building a model from scratch. Manually investigating these allowed
for a deeper understanding of how the model interprets the data. Once trends are known, it
becomes more viable to define sensible limits and automate the optimisation.

Note that the following investigations were carried out with the 10 cm stand-off point
source data for a Nal detector. This distance could be considered the data set with fewest
complications since there is no shielding, and any true coincidence summations are very

minor.

5.2.1 Set-up and structure

For reference, a basic convolution module is repeated here in Figure 2.12. The relevant
hyperparameters are: the number of convolution layers, number of filters, filter size, dropout

rate, activation function, and the pooling type, length, and stride.

t'”p”t Leaky ReLU Leaky RelL Ul :
ensor ! = = H
i | y=max(0.1x, x) y=max(0.1x, x)
> “Convip | ”[ ConviD
Filter: (1,3,L) Filter: (1,3,H)
Ne filters: H Ne filters: K

\

Spatial | | Output
Dropout | : t
> p . tensor

Some spectra

-

Pooling
Max() taken

Width: 2 ch randomly reset |
Stride: 2 \_ Rate:50% ~/ ;

Figure 5.1: Representation of the convolution module. This takes the L entries of the previous
feature map, and trains first H filters, then K filters in these two convolution layers. Pooling
and dropout reduce the dimensionality and combat over-fitting. For demonstration purposes,
the shapes exclude a dimension for batch size.

These provide many degrees of freedom for changing the structure of a model, making the
possibilities seem endless. This only expands further with the extra hyperparameters of the
classification module shown in Figure 5.2. The module contains possibilities for: the number

of dense layers, dense layer sizes, activation functions used, and the dropout rates.
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Figure 5.2: Representation of the classification module. The convolution module feature map
is flattened into a vector. A small ‘fully-connected’” ANN makes final predictions of present
sources, converting outputs to a 0-1 probability via the Sigmoid activation.

The standard performance metrics discussed in Section 2.3.3 are excellent indicators for
how models perform on a data set as a whole. These have all been extended to apply to
the multi-label case of this research. However, these take the rates across all possible labels
into consideration. Given the RIID applications, the performance on individual spectra is
also extremely important. The ‘perfect’ prediction rate is therefore also used in assessing a
model’s RIID effectiveness. This became a very useful metric since many models would often
predict just one of the labels incorrectly, which has little effect on the big picture. An example
of this is the model of Table 5.2.

Table 5.2: Example of overall classification outcomes for a model with a perfect prediction
rate of 31.7(5)%. The vast majority of labels are still correctly predicted, making it difficult
to use these more traditional performance measures when comparing models.

Actual label

1 0
Prediction 1 | 94.5(1)% 18.1(1)%
0] 55(1)% 81.9(1)%

The model here has an average precision of 95.6(1)%, and as the TP and TN rates
demonstrate, it is fairly effective at correctly predicting the presence of any one source. By
all accounts, this is a good model. Unfortunately, a perfect prediction rate of 31.7(5)% means
that only a third of the spectra have the full set of nine sources predicted correctly. This
alternate perspective on performance for RIID provides a metric that is much more sensitive
to hyperparameter changes. Other metrics typically remain within uncertainties to make

model comparisons difficult.
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5.2.2 Training hyperparameters

Preliminary testing found that a good sequential CNN for initial prototypes contained
three convolution modules, followed by a classification module with two dense layers. The
50/50 split of training and validation data meant that each model only trained on an av-
erage of 10 samples per unique combination of sources. As a small set, this helped reduce
training times for quicker prototyping. Interestingly, the split of these sets had little effect
on performance until it became more extreme. A validation size between 50% and 30% of
the full training set had a perfect classification rate of ~73%, but dropped significantly to
46.8(9)% when just 20% was used. This illustrates the need for having enough validation
samples to make a meaningful contribution to the learning process, hence the 50/50 split
used throughout.

On the subject of learning parameters, the batch size is another consideration. As dis-
cussed, to accommodate arbitrarily large data sets, the spectra are loaded in batches. The
size of these batches is known to sometimes have an effect on the performance of a model,
and there is a poor practice known as ‘batch hacking’ where only the optimal size is chosen.
This is a problem for generalisation since it becomes very specific to a particular data set.
This is largely mitigated by using the average of many data sets for both training and testing,

as in this analysis, but the rates were investigated anyway.

Table 5.3: Classification rates for a range of batch sizes.

Batch size | Perfect rate
32 72.0(7)%
64 73.1(8)%
128 74.7(7)%
256 74.6(6)%
512 70.7(7)%

Table 5.3 shows that for this model architecture and data, there is fortunately very little
variation over a large range of the usual batch sizes. A batch size of 32 spectra is queued 10
batches at a time while the model learns, keeping the memory requirements to a reasonable
minimum.

When training brand new models, it is the user’s prerogative to choose starting conditions.
The kernel initialiser sets the initial values of all convolution filters and weights, randomly
sampling from various distributions that have developed over the years. In all cases, the values

are small and close to zero, and some are better matched to different activation functions.
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Table 5.4 shows the result of investigating those readily available, the details of which may
be found at Ref. [88].

Table 5.4: Classification rates for a selection of initialisers. Those marked with an asterisk
(*) failed to converge for at least one of the sets.

Initialiser Perfect rate
Glorot normal* | 68.9(8)%
Glorot uniform* | 71.1(5)%

He normal 73.8(9)%

He uniform 74.3(11)%
Lecun normal 72.8(9)%

Lecun uniform 70.3(7)%
normal* 65.9(3)%
ones 73.7(1%
orthogonal 72.2(1%

All initialisers were used, with some untabulated alternatives failing to converge for all
four test sets. These results were equivalent to a coin toss, with each label chosen at random.
Those marked with an asterisk (*) converged for most of the test sets, but are unreliable for
this model structure as they fail to do so on at least one of the sets. The He initialisers [89]
are generally considered to be well matched to ReLLU-based activation functions. He normal
initialiser weights are sampled from a truncated normal distribution that is centred on zero.
The variance factor is double that of the very similar Glorot initialisers, taken as var(w;) =
2/n, where n is the number of inputs in the weight tensor.

Optimisers have developed to the point where there are two clear frontrunners that are
typically the go-to algorithms. These are Adam [90] and RMSProp [91], both of which were
tested when compiling these models. Perhaps as expected, they perform similarly with average
perfect classification rates of 70.3(7)% and 67.1(7)% respectively, across the four test sets.

It is worth noting that for all of these investigations the number of epochs was kept at
a consistent 150 epochs as far as possible. It is possible to set up ‘early stopping’, which
attempts to regulate overfitting by ending the learning process before the predefined number
of epochs. For example, terminate the training early if the loss has not improved for several
epochs. This addresses the problem of training for far too long, which leads to overfitting,
but it was found that some runs would prematurely end when investigating extremes due
to any large fluctuation in the early iterations. Since these investigations are very similar in

their optimum, it was initially more productive to fix the number of epochs.
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5.2.3 Core hyperparameters

The convolution filter should be matched to the data, with 3 x 3 filters being very common
for images to find smaller details. For gamma spectra from Nal detectors, the resolution is
such that the main features are spread over many channels. For example, a 3-channel edge
detector looking at a peak spread over 50 channels begins to find patterns in the noise. This
is why input samples are best standardised, so parameters like this can be better matched
to the data. In this case, all spectra are rebinned to 1024-channel spectra to consolidate
intensities and smooth out the noise. For Nal spectra, even the low energy peaks are still
several channels wide. Table 5.5 demonstrates the result of using various filter widths. Only
at the low end is there a significant impact on performance. Since computational expense

increases with size, smaller filters are still better to have where possible.

Table 5.5: Classification rates for a range of convolution kernels and numbers of filters. For
both, it is only at the lower extremes that performance suffers, quickly stabilising for increased
computational expense with no additional benefit.

Convolution filter size Perfect rate | N2 of filters Perfect rate
1 15.3(6) % 5 41.7(8)%
3 65.6(7) % 10 58.6(7)%
5 73.4(8) % 15 63.2(8)%
7 72.6(9) % 20 64.7(7)%
9 72.4(8) % 30 71.2(9)%
11 75.0(10)% 40 71.0(7)%
13 70.1(9) % 50 73.3(7)%
15 73.5(8) % 75 72.7(7)%
17 70.0(8) % 100 72.6(8)%
19 70.9(8) % 150 71.5(7)%

Intermediate activations exaggerate weights to make features more expressive. These ac-
tivation functions introduce non-linearity into the model, with Rectified Linear Unit (ReLU)
based functions (y = max(0,x)) chosen over legacy functions such as tanh(z) due to their
robust nature. With the ReLLU function, the zeroing of negative weights makes it unlikely
for any given node to activate. This is desirable because only the meaningful aspects are
being processed, leading to a concise model that is less prone to overfitting. To provide an
analogue, not every neuron in a biological network is constantly firing for every stimulus.

The downside to this is that nodes can become stuck on the negative side and are con-
stantly being set to zero. This is known as the ‘dying ReLLU’ problem and can lead to a lot of

the network not doing anything. To counteract this, the ‘Leaky’ variant may be used instead.
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Figure 5.3: Comparison of the standard Rectified Linear Unit (ReLU) activation function
with its ‘leaky’ variant. This adds a small gardient in the negative region to counter the
‘dying ReL U’ problem. The gradient («) is 0.2 in this case.

Figure 5.3 demonstrates the small difference from the standard ReLLU activation function.
This introduces a small gradient («) as y = max(ax,z) for negative values. Both variants
were tested and showed consistent perfect rates of 72.0(7)% and 72.5(5)% for leaky and
standard ReLLU respectively. The leaky variant was eventually chosen to ensure all nodes
are potentially active while minimising the number of filters required. Of course, this is not
always the case, and there are other variants such as Exponential Linear Unit (ELU) [92]
and Concatenated ReLU (CReLU) [93] that modify this further for addressing more minor
issues, but this was the most efficient solution for RIID. It was found that the range of 0.01
to 0.5 for o had little effect on the overall classification rates.

The ‘max pooling” operation down-samples convolved spectra by propagating only the
maxima of non-overlapping channel groups. This reduces the size of output tensors while
retaining important features. Given the smaller scale of 1-dimensional inputs that had already
been rebinned down to 1024 channels in pre-processing, there was no reason not to use the
minimum. A pooling operation with a size and stride of just two channels halves the size of
output tensors, greatly reducing dimensionality to improve performance.

Since pooling already quite aggressively downsamples the tensors, padding was left as

‘same’ to include information from the spectrum edges. This means that when a three-channel
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filter is at the edge of the spectrum, an extra intensity of zero is included in a dummy channel
for the filter to work with. Addressing features at the extremes becomes especially important
when there are gain shifts, where it is desirable not to lose data at the periphery of the
spectrum.

Spatial dropout follows the pooling operation, removing spectra from feature maps at
random to prevent over-dependence on any particular path for a final classification. As the
dropout factor increases, more features are dropped from the feature maps, making it far

more difficult to train.
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Figure 5.4: Perfect classification rate performance as the dropout rates are varied in the
convolution modules.

This is exactly the trend seen in Figure 5.4, where the rates suffer greatly from randomly
dropping too much information. Below 0.7 appears consistent but an issue is seen with smaller
factors, where the learning curves indicate overtraining. The result was a choice to use the
0.5 middle ground as a reasonable compromise.

With the convolution modules investigated, only the hyperparameters of the classification
module remain. It is here that the most dramatic effects can occur. After the tensor of the

final convolution module is flattened into a vector, classifications are decided through a small
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Figure 5.5: Representation of the classification module.

ANN. While the second dense layer of Figure 5.2 must have nine nodes (one for each source),
the first can vary and will have significant impact in comparison to the other hyperparameters.
Given the computational expense of fully-connected layers, the classification module is limited
to just two layers. Figure 5.5 demonstrates how important the small ANN is to making good
use of the features extracted by the preceding convolution layers.

There is a clear degradation in performance when using an extremely small ANN. How-
ever, diminishing returns with size encouraged a compromise, since these dense layers rapidly
increase in complexity with scale and become computationally expensive. One interesting
note is that the drop in perfect performance rates are primarily due to false positives. While
not ideal, it is far better that this is the case for RIID applications. False positives will be
inspected, whereas false negatives may permit important material to remain undetected.

Finally, the dropout rate between the two dense layers follows the same trend as those
seen for spatial dropout rates in the convolution module. Averaging ~72% for perfect rates,
this falls off after 0.7 to reach 44.9(8)% for a 0.9 dropout rate.
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5.3 Model performance

Table 5.6 shows the important hyperparameters of the reference model. With these pa-
rameters fixed, a final evaluation of performance may be carried out. Of course, there is a
huge range of potential architectures due to the many hyperparameters available, but a model

is always needed as a baseline for performance.

Table 5.6: Relevant reference model hyperparameters.

Parameter Value

Optimiser Adam

Initialiser (kernel, bias)  He normal, zeros
Activation function Leaky ReLU (a = 0.1)
Batch size 32

Dense layer nodes 700

Dropout (spatial, dense) 0.5, 0.5
Filters per Conv layer 40

Filter size )

Pooling type Max pooling (length 2, stride 2)
Padding Same

Loss function Binary cross-entropy

Using these hyperparameters on the Nal detector spectra at a 10 cm stand-off distance,
the overall performance of the reference model was assessed. All metrics are again the average
of four separate simulated training sets, each evaluated against six test sets that contain only
experimental spectra. All test sets have 20 examples for every possible unique combination
of sources since there is no splitting of the data.

The average perfect prediction rate is 74.4(9)%. A precision of 99.61(3)% reflects very few
of the individual labels being predicted incorrectly in the remaining spectra, and indicates
that the correct predictions were made with a high degree of confidence. The confusion matrix

of Table 5.7 sums up the overall binary rates across all labels.

Table 5.7: Classification outcomes for the reference model. These values are averaged across
test sets of experimental data taken using a 3”7 x3” Nal detector at a stand-off distance of
10 cm.

Actual label

1 0
Prediction 1] 96.5(1)% 3.1(2)%
0] 35(1)% 96.9(2)%
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Figure 5.6: Learning metrics from training the reference model over 150 epochs, showing good
conversion of the training and validation sets.

The training of the reference model over the relatively short 150 epochs shows good
convergence of the training and validation sets (Fig. 5.6). There is no overfitting, characterised
by the validation loss reaching a minimum before increasing while the training set continues
to improve. It may be said that the validation set is slightly too easy to predict as the losses
are not perfectly converged, but it is enough to see no evidence of overfitting, and that the
validation and training sets are well matched.

The average time to load spectra, reformat for the model, and make predictions was
<5 ms per test spectrum, making real-time updated classifications readily available to a user
if necessary. With efficient data structures where spectra are not read in from a text file, this
can certainly be improved for a commercial system.

Individual binary confusion matrices may be created for each source, but the clearest
and most concise visual aid for observing the performance of the nine classes is the Receiver
Operating Characteristic (ROC) (see Section 2.3.3). For RIID, the multi-label ROC curves
have proven an extremely useful tool for quickly recognising the sources that different models
find to be a challenge, and offer insight into what the model has learnt to look for.

Figure 5.7 (a) shows a full ROC extended to the multi-label case. Each curve tends
toward (0,1) as performance improves, with the dashed line representing random assignment

of positive or negative classifications.
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(b) Detail of ROC from (a) showing individual sources.

Figure 5.7: ROC curves extended to the multi-label case for the reference model. Provides
comparisons of performance for each source as the decision threshold is varied. The average
(red) is included in 5.7a. Figure 5.7b shows ??Na, ®°Co, and **Ti as marginally responsible
for more false classifications. Dashed blue in (a) represents random label assignment.
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Inspecting the detail in Figure 5.7 (b) identifies 1Ti, ?2Na, and °Co as being marginally
responsible for more false classifications. Slight differences in AUC confirm this quantitatively.
A 22Na spectrum in particular contains very few features, all of which closely overlap with
those of many other sources to make distinction difficult (Figure 5.8). Finding distinctions
between 2°7Bi and #4Ti is also challenging as they are extremely similar in profile, especially

with the potential for large gain shifts and very few counts to work with.
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Figure 5.8: Experimental *4Ti, #*Na, and %°Co spectra, showing the difficulty in resolving
features. The 2! Am feature is large enough to stand out from close peaks of other sources.

Much like #?Na, the gamma emissions from %Co are such that the two greatest features
overlap with those of multiple other sources, as Figure 5.8 demonstrates. This makes it ex-
tremely difficult to identify their presence, especially when ®°Co has a lower activity compared
to others in a multi-isotope spectrum.

The 2*' Am predictions are surprisingly accurate given the that the source contributes just
one photopeak of significance. Because all of the counts go toward a single peak at 59.5 keV,
it remains a distinct feature even with a relatively low activity. This is only aided by being
spread over fewer channels as a low energy peak, and that it does not overlap with any

significant features of other sources.
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5.4 Challenging conditions

The previous sections have all used the 3”7 x3” Nal detector at a stand-off distace of 10 cm.
The most challenging conditions identified in the aims of RIID, and where other models often

fail, is with shielding and very close geometries.

5.4.1 Heavily shielded conditions

Attenuation of v rays through shielding is exponential with thickness. Lower energy pho-
tons (<100 keV) become increasingly more likely to interact, affecting them more severely.
Backscatter, where a photon Compton scatters in the shielding material and then into the de-
tector, also changes the profile significantly. The combination of these is what makes shielded

conditions one of the biggest challenges in RIID.
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Figure 5.9: Example test spectrum containing 1x10° total counts from equal activity 2*'Am,
192Fy, and “*Ti. There is 6 cm of aluminium shielding between the sources and the detector.
Note the loss of low energy information due to attenuation and a large backscatter feature.

A test case of heavily shielded conditions were simulated to reproduce the experimental

test data. The sources were placed 10 cm from the 3”7 Nal detector, with varying amounts
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of shielding material positioned between the two. Up to three plates of 10 x 10 x 2 cm?
aluminium provided a maximum of 6 cm of shielding that caused significant disruptions
to the spectra. It was ensured that the detector was completely obscured by the shielding,
so that no source radiation could enter the crystal unimpeded. Figure 5.9 shows the large
disruptions that make these conditions are such a challenge.

True coincidence summations are a very minor concern here because the detector cannot
physically get close enough to cause significant features due to the shielding. The same
procedure of averaging four simulated training sets, each evaluated against six experimental
test sets, is followed for consistency. All data sets have the same large gain shifts and other
parameters specified in Table 5.1. The result of training the reference model on these data is

summarised in Table 5.8.

Table 5.8: All performance metrics for a range of shielding conditions. Data were collected
using a 3”7 Nal detector at 10 cm, with shielding placed between the source and detector.
Each aluminium plate is 2 cm thick.

Performance Metric | 1 Al plate (%) 2 Al plates (%) 3 Al plates (%)
Precision 99.4(1) 98.6(1) 95.0(2)
Perfect rate 73.9(9) 59.9(7) 34.9(8)
TPR 96.7(2) 94.2(2) 87.7(3)
FPR 3.8(1) 6.5(3) 12.9(3)
TNR 96.2(1) 93.5(2) 87.1(3)
FNR 3.3(2) 5.8(2) 12.3(3)

By all accounts, the model is performing well overall, with good precision and classification
rates for individual labels. The difference in perfect rates best highlights how performance
suffers as more shielding is used. To be explicit, the probability of correctly predicting the
presence of each of the nine possible sources for any one spectrum decreases as more shielding
is added. Of course, this is almost a foregone conclusion. The interesting details are in why
this happens in terms of the model.

The ROC curve of a 6 cm thick shielding data set is shown in Figure 5.10. Unlike those
of the point source data (see Figure 5.7), these rates indicate *!Am, %2Eu, and **Ti to be
the cause of more incorrect predictions. The *4Ti case has always been difficult to distinguish
from 2°"Bi, but performs similarly to previous results since there are large features at energies
beyond the main effects of shielding. Similarly, ®°Co and #*Na are no longer the cause of the
most incorrect predictions because they too have all of their most prominent features at the

higher energies.
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Figure 5.10: Receiver Operating Characteristic (ROC) for a heavily shielded test data set,
showing ?*' Am, '%?Eu, and **Ti to be responsible for more incorrect predictions. Americuim-
241 in particular contributes to the majority of false negative classifications.

Below ~300 keV the effects of shielding are clear from Figure 5.9. Photopeaks sit atop
a large backscatter feature, and contain significantly fewer counts than would be expected
form an unattenuated source. The ROC curves reveal 2! Am to be the most difficult. The
only real feature, a 59.5 keV peak, is expected to be 55%, 31%, and 17% of the equivalent
unshielded intensity for the three plate thicknesses respectively [94]. This, coupled with a low
relative activity in multi-isotope spectra, mean that it can often leave very little to indicate
its presence. Indeed, checking the confusion matrix for the source shows a heavy skew toward
false negative results.

In a similar vein, the most prominent features of an ?Eu spectrum are also at low
energies and quickly become heavily attenuated. However, unlike ?*'Am, this source does
present features at higher energies that could be used instead by a spectroscopist. It may
be inferred that the unshielded data assign more weight to these larger, low-energy features
that are no longer available in the shielded data.

Overall these results are very promising, and it is encouraging that model performance

reflects the challenges of the physical phenomena involved. This allows for a more intuitive
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understanding of model limitations. A 2 cm thick aluminium shield performs almost as well
as the unshielded conditions. Classification rates reduce as more shielding is added, dropping
to a perfect rate of 35% for 6 cm. The precision shows that of those source predictions that
were correct, they were made with confidence. It is worth noting that while perfect rates drop
below 50%, this is certainly better than just randomly assigning a label. In this multi-label

case the perfect rate for doing so would be 0.2%.

5.4.2 Close geometries

True coincidence summations become more likely in close geometries. The solid angle
of a source at 1 cm means that almost all spectra contain additional photopeaks. This can
drastically increase the complexity of multi-isotope spectra. This is an important challenge
because having the detector as close as possible to the source reduces collection times. For
low activity samples this can be a crucial factor for pragmatic RIID systems.

The reference model was able to perform relatively well even with the additional complex-
ity. This is, in part, due to accurate handling of coincidence summations in the simulations,

which produce good training data as a result.

Table 5.9: All performance metrics for a range of stand-off conditions.

Performance Metric | 1 em (%) 5 cm (%) 10 em (%)
Procision 09.24(3)  9951(3)  99.61(3)
Perfect rate 66.5(5) 73.9(6) 74.4(9)
TPR 94.5(1)  95.4(1)  96.5(1)
FPR 3.4(1)  2.0(1) 3.1(2)
TNR 96.6(1)  98.0(1)  96.9(2)
FNR 5.5(1)  4.6(1) 3.5(1)

The results of varying the stand-off distance are shown in Table 5.9. Since the probability
of summation quickly reduces with an inverse square law, it is unsurprising that the 5 cm
and 10 cm stand-off distances performed similarly. Investigating the ROC curves reveals the
same sources (#Ti, 2Na, and ®Co) to cause more false classifications as with the 10 cm
reference case.

The false negative rates are the most concerning for security. While similar, these are larger
than the false positive rates. This would ideally be reversed as seen in the shielding results.
This highlights another consideration, which is the threshold used to make a prediction.

The ROC curves show the result at every decision threshold, so it is important to under-

stand that this threshold can play an important role in RIID. Most models demonstrate good
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stability in this regard and have little variation in prediction rates around the 0.5 training
threshold. In these evaluations, the threshold was taken that maximises perfect prediction
rates. However, with the application in mind, it may prove appropriate to sacrifice perfor-
mance on individual spectra if the FNR can be reduced. Better yet, the threshold can be
tuned to reduce false negatives for certain sources of particular interest. There are, there-
fore, several ways to optimise the predictive behaviour of these models that will need to be
considered for the application at hand.

There is a much greater degree of difficulty for these sets when compared to an unshielded
point source at a greater stand-off distance. While performance may suffer as a result of using
a model not optimised for them specifically, it shows that even a basic model structure is
generalised enough to work well for a diverse range of challenging conditions.

To this point, the focus has been on the model itself. In machine learning applications
there are many other things that can be done to improve performance. While emphasis has
been placed on the need to understand the data sets used, they have so far been neglected in
these investigations. The following section details how important these data sets can be to a

model’s ability to generalise.
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5.5 Data sets

The 74.4(9)% perfect rate for the 10 cm stand-off Nal spectra containing a mixture of
up to nine different sources is already an excellent result. This is also true of the model
performance under close geometries and heavily shielded conditions. However, as previously
mentioned, the data sets themselves are incredibly important for machine learning. Revisiting
the data sets used to train the models can provide additional gains in performance. Since
the 10 cm Nal data are well understood for the reference model, they will be carried through
for comparison. The common theme here is representation. Simply put, the ideal learning
conditions for any deep learning application are those that provide a comprehensive set that
contains as many examples as possible. With more examples included for training, the more

representative of real conditions the set becomes.

5.5.1 Data set size

One of the simplest things to change is the size of the training data set. For rapid pro-
totyping, a very small set averaging only ~10 samples per unique source combination was
previously used. With the extremes in gain shifts, counts, and relative activities of the mixed
sources, this makes for a set that can not possibly represent the diverse range of spectra that
may be present in experimental test sets.

The parameters of Table 5.1 were used to generate new simulated training sets. The same
random seed was kept consistent between sets, with the only variable being the number of
samples for each of the 511 unique source combinations. Three repeat models were trained
for each set size, testing against the six original test sets.

Figure 5.11 shows how there is a sharp performance drop when using too few training
samples. While there is an improvement seen as more spectra are added, the performance
plateaus for these particular data. For more complex data sets the additional representation
is expected to become far more important.

By doing nothing more than adding more training data, the plateau seen reaches ~81% for
the perfect prediction rate. This is one reason why it is often worth augmenting particularly
small training sets with simulated data. However, doing so is limited because here the training
data are entirely simulated, perhaps missing the subtleties of real spectra. This is why it is

always better to include as many real samples as possible, whatever the application.
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Figure 5.11: Example of the variation in classification rates as the number of training samples
per unique source combination is varied.

5.5.2 Including real data

These investigations started by including yet another degree of difficulty to address a very
specific problem by using only simulated spectra for training, while testing on experimental
data. Unfortunately, simulated data are only ever an approximation of reality no matter
how good they may be. Taking the generalised approach in this work has been fantastic for
providing a rapid development environment, but excludes the subtleties of backscatter from
materials surrounding the detector that are present in real spectra. In an ideal world there
would be plenty of these experimental data, but a compromise often made is to work with
what is available while supplementing with simulation.

To make new training sets that contain an even mix of real and simulated data, four
new half-sets of training data were generated from experimental templates using unique
random seeds, with a total of 10 samples per unique source combination. This ensured that
there would be no bias toward any particular test set. Except for the size, these data were

generated using the same parameters specified in Table 5.1. These sets were each combined
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using the methods described in Section 4.2.2 with one of four simulated half-sets, also 10
samples per source combination, to make a full set of training data.

With file and label lists combined, a random 50/50 split of training and validation data
were taken for consistency. Training on the reference model, the perfect prediction rate aver-
aged 89.8(9)% over the 16 possible combinations of the half-sets. The ROC curves show that
the 44Ti, 22Na, and %°Co sources were, again, the source of more incorrect predictions.

Such a good prediction rate for individual spectra provides a great example of desirable
performance stability as the decision threshold varies. As Figure 5.12 shows, there is a large
range around the 0.5 training threshold where the overall performance is relatively unaf-
fected. This allows the model to be tuned to the needs of the system. For example, security
applications need fewer false negatives, so the threshold can be reduced. This will increase
the false positive rate, but to an extent will leave overall performance for individual spectra

relatively unaffected.

100 : .

Average classification rate [%]

—— Perfect prediction
—s=— True positive

—=— False positive

20

L L L 1 1 1 1 t T T T } L " L L
00 0.2 04 0.6 0.8 1

Decision threshold

Figure 5.12: Example of the variation in classification rates as the decision threshold is varied.

Including as many real data as possible is highly recommended, whatever the application,
and these results clearly demonstrate the advantages of doing so. As good as the simulations

are, the subtleties of backscatter from the surrounding environment and other effects left

111



unsimulated have clear impact on a model’s ability to learn. As suggested by the shielded
investigations, the low energy region may have more importance, especially as this is where
some of the most prominent features can be. Having a better representation of the distortions

in this region was certainly proven desirable for these sets.

5.5.3 Generalising the model

It has already been shown that these models perform relatively well at different stand-off
distances and levels of shielding. In every case, a model is trained on a specific simulated
data set, and tested on the experimental version. Section 4.2.2 detailed how many data sets
can be combined to make a more generalised model.

A large data set was made by combining every individual data set, each with 20 training
samples per source combination. The reference model was then trained on this all inclu-
sive set. The single, generalised model made predictions on all of the test sets separately
for comparison with the performance of previous sections. The results are summarised in

Table 5.10.

Table 5.10: Comparison of performance on test data sets. The models trained individually
are compared against the generalised model.

Test set Individual (Perfect rate %) Generalised (Perfect rate %)
1 cm stand-off 66.5(5) 72.6(9)
5 cm stand-off 73.9(6) 90.5(4)
10 cm stand-off 74.4(9) 90.9(4)
1 Al plate 73.9(9) 88.5(7)
2 Al plates 59.9(7) 81.5(6)
3 Al plates 34.9(8) 60.4(7)

The results are surprisingly good, rivalling the addition of real data for the 10 cm stand-off
data. This follows expectations, given that the training data are a 6x larger, and far more
comprehensive. Challenging conditions still make heavy shielding and close geometries more
difficult, mirroring the trends seen with the more focused models trained in individual data

sets.
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Chapter 6

Conclusions

The scope of this research covers many goals and spans a range of disciplines. The original
proposal has the open-ended aim of developing techniques for both forward and reverse
problems in nuclide identification.

As Section 2.2.1 discusses, there are many challenges that Radio-Isotope IDentification
(RIID) algorithms must face. A robust, affordable, and pragmatic system is one that can
handle adverse conditions and any transient effects that change the profile of ideal spectra.
Shielding and gain shifts are pertinent examples. This is where many current solutions fail,
and why research aims quickly moved toward applying machine learning methods to the RIID
problem space.

The relatively unexplored deep learning approach used here requires large datasets filled
with example spectra to learn from. The use of simulated spectra is well matched to such
techniques, with a good simulator rapidly generating spectra that bypasses the need for ex-
perimental data in prototyping phases. To this end, a simulator was built that could produce
varied and realistic spectra for a rapid development cycle. The development, testing, and
integration of various tools into this simulator enabled high-fidelity modelling of radioactive
sources, shielding, and detection systems.

Chapter 3 discusses the details of the simulator. All important features are accurately
reproduced in simulated spectra, including Gaussian Energy Broadening (GEB) and multi-
isotope sources. This extended to even the more subtle effects, such as X-ray fluorescence,
true coincidence summations, and extra broadening of annihilation peaks.

While there is a tendency to ignore the result of true coincidence summations, it was
decided that the effect of close source-detector geometries was important for practical RIID.
Significant work on the handling of timing data made this information readily available,
while working within the GEANT4 framework. This naturally led to a simulator with ex-

tended functionality towards more in-depth investigations, such as coincidence and angular
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correlation measurements with multiple detectors in an array. For specific cases, this is not
too difficult to achieve, but the generalised techniques implemented here allow for far more
versatility with minimal user input.

As noted in the summary of the simulator (see Section 3.3), no simulator is ever perfect,
especially those intended to be a generalised solution. The angular correlations showcased
demonstrate there to be no general implementation in the current GEANT source. Fortu-
nately this is a negligible effect for the purposes of this research, but a solution would need
to be manually coded for applications requiring it. The greatest source of discrepancy in the
overall profile of a spectrum is always in the low (<100 keV) energy region. The contribu-
tions of Naturally Occurring Radioactive Material (NORM), extraneous background sources,
and backscatter are all so specific to the surrounding environment that a generalised profile
becomes impossible to define.

Even with these current limitations the simulator was certainly able to closely reproduce
even HPGe spectra with minimal effort. For the lower resolution detectors, much of the
backscatter and NORM effects are somewhat mitigated due to most of the subtle features
being smeared out. Chapter 4 detailed how these spectra, along with their experimentally
obtained counterparts, were prepared for the machine learning models to train on.

There are many effects that will change the features seen in a spectrum and its gen-
eral profile (see Section 2.1). The ambitious challenge of including variations in statistics,
gain shifts, multiple sources with different relative activities, background contributions, and
low-energy discrimination makes it an impossibly slow task to collect or simulate so many
possible combinations. It is well known that a key part of deep learning lies with providing
a representative set of training data, so this was a problem.

The template method recently established by Kamuda et. al. [16] was adopted to keep
simulations and experimental collection times to a minimum. Examples of idealised spectra
serve as templates that can be combined and manipulated in the pre-processing of training
and test sets. For example, there is no need to change the ADC threshold in a series of
experimental data if it is possible to simple reset the first few bins to have zero counts in the
histogram. This is the most basic example, but certainly illustrates the simple principle.

By normalising the spectra, they become a probability distribution from which to ran-
domly sample. This allowed counts from many templates to be combined, in varying amounts,
to build up multi-isotope spectra and emulate the statistics of low count rates. Gain shifts
were also included in this preprocessing stage, though proved to be more complex than sim-
ply changing the energy calibration. The machine learning models take only the count data

across a fixed range of channels, with no information on the energy assigned to each bin.
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While it is an additional degree of difficulty to make predictions on uncalibrated data, this
meant that the intensities had to shift bins. This was achieved by applying the shift before
interpolating the result to conform to the original channel structure.

The library of samples generated from templates, all containing random perturbations of
the aforementioned effects, was labelled with the target outcomes for a supervised learning
problem. Storing spectra individually with the target outcomes in the file name meant that
all information could be inferred from lists of the file paths. This allowed for a modular and
scaleable approach to handling datasets, with any combination of datasets easily provided to
the models for training and testing. This format also allowed training data to be loaded in
batches to minimise memory usage and accommodate large datasets.

The 30 years of deep learning for RIID discussed in Section 2.2.4 showed the Artificial
Neural Network (ANN) to be the exclusive choice for deep learning techniques. These models
are able to handle unexpected and changing conditions because they learn generalised rules
from experience, rather than being explicitly programmed to find certain identifying features.
However, an ANN rapidly grows in complexity as more layers and nodes are added because
it is typically fully-connected. Chapter 5 demonstrates how a Convolutional Neural Network
(CNN) may be applied to RIID with excellent results, often with less computational expense.

The CNN variant of neural networks works by training sets of convolution filters that
perform feature extraction for an input spectrum, before using a small ANN for the final
classification. Responsibility is abstracted away from the user and placed with the model
so that there can be minimal pre-processing. In this case, spectra were given to the model
uncalibrated, simply passed as an array of normalised intensities. No peak finding, smoothing,
or transforms required.

A reference model was created that used three convolution modules (Fig. 5.1) followed
by a classification module (Fig. 5.2). Even this basic sequential structure has many hyper-
parameters to investigate, the permutations of which can create many drastically different
models. It was found that the dropout rates and number of nodes in the classifying ANN were
perhaps the most important, with compromises to be made between computational expense
and concerns of overfitting. Testing on the 10 cm stand-off data for Nal spectra, a perfect
prediction rate of 74.4(9)% showed excellent predictive capabilities for individual spectra.
For perspective, a model trained on only simulated data was very often able to correctly
predict the presence of all nine possible sources in experimentally obtained, multi-isotope
spectra with extreme gain shifts, low energy cuts, and 10% — 10°
and true negative rates of 96.5(1)% and 96.9(2)% respectively show that few of the labels

were incorrect in the remaining 25% of test spectra with a set of imperfect predictions. A

counts. Overall true positive
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99.61(3)% average precision also indicates that all correct predictions were made with a high
degree of confidence.

Of course, the other major challenges of RIID beyond gain shifts and multi-isotope spectra
are when there are true coincidence summations or heavy shielding. Training and test sets at
near stand-off distances and with aluminium shielding were used to test the reference model.

For shielding, there was the expected drop in performance as more shielding was added.
Predictions on data with up to 4 cm of aluminium performed surprisingly well, only beginning
to have significant difficulty when 6 cm started to attenuate low energy features that are relied
upon for predictions, such as 2**Am. This increased false negative rates to an uncomfortable
12.3(3)%, which is certainly an undesirable trait for many RIID applications.

The presence of true coincidence summation peaks also showed a small reduction in per-
formance as the sources came closer to the detector. However, even with the added complexity
of these additional features, the perfect rate of 66.5(5)% for 1 cm is not dissimilar to the more
ideal 10 cm case. Intuitively it is perhaps better to have these extra features to aid in the
identification, but the limitations of Nal detectors make resolving peaks difficult, with many
source emissions already overlapping to form distorted features. This is only exasperated by
the addition of summation peaks.

The datasets used to train models can influence the performance greatly. The same ref-
erence model was trained while datasets varied. By simply including more simulated spectra
in the training sets, performance improved by ~5%. The extra examples of different spectra
helped improve performance, but another approach is to make the training data more repre-
sentative by using experimental data directly. A new set of the same 20 sample per source size
was generated that contained 50% experimental data. Performance increased dramatically,
from 74.4(9)% to 89.8(9)%. While it is good to be able to train on purely simulated data,
mixing in as many available real spectra as possible is the obvious choice.

By combining all six sets of various stand-off distances and shielding conditions, a large
and more generalised model may be trained. Using the same generalised model to make
predictions on individual test sets showed performance that rivalled the inclusion of real
data. Again, this is due to having far more examples to train on, including spectra that are
distorted in ways that may not even be present in every test set.

This research spent a lot of time building the simulator, writing supporting code around
the models, and developing techniques specific to this application. However, with this in place
and trends known, any model optimisation can simply be automated using sensible limits.
Having a reference model and datasets to act as a baseline also encourages a lot of future

work to continue and expand the project in new directions.
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Chapter 7

Future work

The simulation and machine learning environments developed over the course of this
research provide a strong foundation on which to build. Of course, no simulator is ever
perfect, so one option is to further expand its capabilities for new RIID conditions. However,
it is the author’s opinion that the immediate work should not be to eliminate the current
limitations or expand functionality. Instead, the current framework should be used to further
investigate machine learning techniques. The methodology described in this thesis took time
to develop, and while development of RIID techniques is now rapid, many avenues remain
unexplored.

The first and most obvious objective should be to collect template data for other detectors,
such as Nal detectors of varying size and configuration, HPGe with its superb resolution,
or LaBrs scintillators for their excellent efficiency. With the current tools in place, it would
simply be a matter of defining suitable parameters with which to generate new datasets, using
them to retrain current models. This is all done through the common preprocessing steps
and interfaces described in Chapter 4. Additional coding is, therefore, kept to a minimum.

On the subject of new models, this work provides the opportunity to investigate many
more advanced models and techniques. As mentioned, an inception model [86] is just one of
many convolution-based models that have shown promise in exploratory testing. The VGG-
16 [95] inspired sequential CNN presented is meant only to establish a baseline against which
others may be tested.

There are also options for more varied and advanced techniques. For example, ‘transfer
learning’ takes pre-trained models as a starting point. For example, there are models already
trained for identifying certain animals in images, but many of the important features will

apply to other animals. For applications with new animals it can be beneficial to use the
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filters and weights already trained on a much larger, more comprehensive set. This is how
commercial systems could work, shipping with a model trained on a large central dataset that
can either be expanded upon or used as a starting point for more specialised RIID conditions.
The fundamentals of photopeaks, Compton continua, and Gaussian Energy Broadening will
always be features of gamma spectra.

In a similar vein it is possible to freeze the training of layers so that only certain parts
of the model continue training. One could, for example, fix the early convolution layers that
often extract the same low level features, and train only the later stages that look at more
abstract, higher level features. In this case the expectation is that filters are already trained
for the identification of edges, peaks, and shapes that apply to any spectrum. Later layers
could then tailor the model to recognise features specific to target sources, such as the number
of expected peaks and the distance between them. While the early stages were confirmed to
perform this way by visualising filters, this was not explored in enough depth to investigate
the later layers. The visualisation of filters and their effects is not overly complex, but remains
another opportunity for future work.

By defining the RIID aims to be that of a multi-class, multi-label problem, the presence
of all nine test sources could be predicted with a single model. However, one of the major
problems with this is scalability. While this may be fine for up to the ANSI list of ~20 target
nuclides [34], the computational expense is still a factor due to the fully-connected layers of
the small ANN. Since the labels are treated independently anyway, it will perhaps be better
to move toward ‘ensemble’-style networks to carry forward the modular ideas suggested in
[22].

Ensemble methods combine multiple smaller models into a single predictive model to
obtain better classification performance. The commonly used random forest [96] model is
a good example, splitting the data across many decision trees and aggregating results to
make predictions. Smaller and more modular CNNs could therefore be focused solely on the
binary classification of single sources. This would make it easier to provide pre-trained models
for any combination of applicable sources. Of course, this may perform worse than a single
multi-label model, but grants an interesting opportunity for further work nonetheless.

Machine learning is a rapidly evolving field with a constantly shifting landscape of ideas
and best practices. The accessibility of open-access software such as TensorFlow provides
researchers with the tools to explore learning techniques in their own areas, as this work
demonstrates. It is the author’s hope that this work be developed further by future projects,

using many exciting new model types and techniques to come.
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Glossary

ANN Artificial Neural Network. 3, 115

CNN Convolutional Neural Network. i, 3, 115
GEANT GEometry ANd Tracking. 3, 42, 43, 45
HPGe High Purity Germanium. 1, 7, 46

LANL Los Alamos National Laboratory. 42
MCNP Monte Carlo N-Particle. 42

Nal Sodium Iodide. 1, 7, 46

PMT Photomultiplier Tube. i, 11, 12, 46

RIID Radio-Isotope IDentification. i, 1, 2, 17, 113

ROC Receiver Operating Characteristic. vii, 101, 106
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Abstract. Improvements in Radio-Isotope IDentification (RIID) algorithms have always been
a continuous research focus. However, significant developments in machine learning have
recently sparked renewed interest. To provide a rapid development environment for this,
a generalised gamma simulator has been built using the GEANT4 toolkit. This enables
consideration of a diverse range of radiation sources and shielding scenarios. The simulator
currently provides training data for the development of neural network based RIID models.

1. Introduction

Radio-Isotope IDentification (RIID) algorithms have broad application across alarms and
detection, identification, and mapping [1]. Often these are developed in the context of security,
but are readily applied to problems in decommissioning and survey [2—6]. The increased
accessibility of machine learning techniques has recently produced many exciting new directions
for this problem space [7, 8].

Success in these applications come down to the detector, electronics, and the RIID algorithm.
Since the widely adopted detectors rarely change, it is the algorithms that often develop. The
goal is to infer the identity of all isotopes present in a source and to quantify as many properties
as possible [6]. Research is continuous because it can be extremely difficult to automate. There
are a myriad of competing effects that can impact gamma ray spectra such as shielding, gain
shifts, and changing environmental conditions. Even the system itself is bound by practical
considerations of robustness, availability, and affordability [9].

To develop algorithms it has become common practice to use simulated spectra that augment
the real data, which are often limited. This requires a simulator that can generate accurate
gamma spectra for a diverse range of radiation sources, detectors, and scenarios. Such an
environment is conducive to rapid development in RIID.

GEANT4 [10] is chosen to fulfil the role of simulator due an unmatched flexibility when
compared with MCNP [11] or GADRAS [12]. Timing information is readily accessible with a
GEANT4 based simulator, as are the energy depositions needed to generate a spectrum. The
fundamental focus is that of per-decay accuracy rather than a statistical approach, allowing for
more subtle effects to be well represented in the resulting spectra.

Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
BY of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.
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2. Project scope

A significant part of generalising a simulator is the ability to model multiple detector types. This
becomes as simple as swapping out models and redefining a few parameters in the simulator. For
these proceedings, evaluations using the HPGe model are chosen for demonstrative purposes.
Of course the Nal, LaBrs, and PVT models are also of particular interest to RIID, but many
features of the spectrum are clearer with the superior resolution of HPGe.

Bespoke solutions to timing or true coincidence summations are undesirable. MCNP, for
example, requires the emission probabilities of every possible particle. Summations must
therefore be pre-calculated based on the simulation geometry and detector properties, and
be appended to the source definition. This requires additional preprocessing steps liable to
user error. True coincidence summations are of particular interest since it is common practice
to simulate larger stand-off distances and avoid the issue. By accurately reproducing true
coincidence summation peaks, extra information becomes available for RIID algorithms in low
activity, close geometry scenarios. Finally, heavily shielded scenarios will be considered as
another difficulty RIID typically faces.

3. Producing energy spectra

3.1. Gaussian energy broadening

Fundamental to simulating any gamma-ray spectrum, each energy deposit is sampled from
a Gaussian distribution with parameters derived from experimental data. This emulates the
expected energy broadening, with the width (o = fwhm/2./In(2)) from the empirical [13],

fwhm =a+ bV E + cE?. (1)

Note that this describes full energy peaks that do not involve annihilation photons. In real data,
these are broader than expected, leading to a distinctly separate dataset shown in Figure 1. The
low energy data have broader FWHM due to contributions from background and other very
close transitions, but the empirical fit reproduces the low energy region well when simulated.
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Figure 1. FWHM calibration curve for the Figure 2. Comparison of gamma attenuation
HPGe model. Broader annihilation peak related — with real data for %°Co, with up to 70 mm of iron
data excluded from core set. plates.

3.2. Annihilation

A net residual momentum of the e~ /3% results in additional broadening of these annihilation
related events. Below ~2.0 MeV special consideration may be given to the 511 keV. More
rigorously, the relevant tracks may be flagged during tracking to force sampling form an alternate
parameter set. This may be taken from the annihilation curve shown in Figure 1.
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3.3. Decay chain limiting

GEANT4 will follow a decay chain for as long as no stable isotope is reached. This can result
in unrealistic spectra over experimental time scales. A perfect example is 2’ Am alpha decaying
to 23"Np, which has a 2x10° yr half-life. A cut-off based on lifetime for any secondary nuclei
is implemented, killing tracks above an acceptable threshold. Without it, simple spectra like
241 Am will end up with contributions from the entire neptunium decay series.

3.4. X-ray fluorescence

While often very minor, the effects of X-ray fluorescence can be represented at the lower energies
of gamma spectra. Characteristic X-rays are often emitted following a photoelectric absorption
as electrons move to fill the inner-shell vacancy. Since low-energy gamma interactions are more
likely to occur close to the crystal surface, these X-rays can escape the crystal without depositing
any energy. The resulting feature is known as an X-ray escape peak.

Production cuts are tailored to the detector material. A threshold is set as high as possible
while being low enough to allow X-rays to be produced by atomic relaxation models. Only
crystal volumes are assigned to a special ‘region’. Custom production cuts are specified for
these alone, leaving other volumes a compromise between speed and fidelity. This is based
on consideration of dead layer attenuation expectations, distance/composition of surrounding
materials, and most importantly the impact on the final energy spectrum.

3.5. Multi-isotope sources

The preferred method of simulating a multi-isotope source is to sample from a list of nuclides
based on activity, then decay that nuclide for the current event. This is true of most MCNP
implementations. Here, all sources are defined at the start of each run, with one nuclide randomly
chosen for each event based on relative activity.

For very active sources, where random summations can occur with other sources or even
themselves, the probability of two nuclides decaying at the same time for a given mass and
activity can be calculated. Sampling based on this probability, multiple nuclides may be defined
in the same event and forced to ‘decay’ at the same time. This is currently unnecessary for RIID
purposes. Anything of high enough activity for it to be an issue will be flagged by gross counts
alone and can be manually inspected.

3.6. Shielding

Including shielding in the geometry is as simple as modelling it. All elements and their properties
are predefined in GEANT4, as are a selection of common materials. New compounds and
materials may also be user defined with relative abundances and densities. Taking the simple
example of several iron plates between a %°Co source and the detector, the photopeak intensities
may be found as a function of thickness (Figure 2). Attenuation coefficients may then be
calculated from the exponent.

4. Timing and summation peaks

In GEANT4 every particle propagation object contains a huge amount of information, including
tracked times. One of the driving factors for the switch from MCNP to GEANT4 was this access
to timing information. Having these times is excellent for setting up multi-detector coincidences,
but also crucial for accurate summation peaks. Precise timing and accurate summation peaks
are inextricably linked; arrival times are required to decide whether two energy deposits should
be summed, and long radioactive time scales make this a challenge to do in a generalised manner.
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4.1. Radioactive decay time scales

A ‘global time’ tracks the time passed since an event began. Its nanosecond base unit is stored in
C—++ double precision. Rounding inevitably becomes detrimental to timing precision, especially
with longer lifetimes. Calculating small time differences after million year half-lives becomes
unreliable and will often round to zero. If particles of interest are known it is easy to create
bespoke solutions, but for a generalised simulator this must be taken care of automatically.
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Figure 3. Simplified 44Ti decay scheme. . ) o
Figure 4. Rounding artefacts in timing,.

Taking the *Ti decay chain as an example (Figure 3), the difference in creation times of
the 68 keV and 78 keV photons are collected. Experimentally this investigates the half-life of
the interim #Sc excited state. Simply subtracting global times results in the artefacts seen in
Figure 4, even after a relatively short 59 yr initial half-life.

Resetting the global time to zero at key points is the simplest solution, noting when a reset
happens. Time differences are then calculated relative to the nearest common reset point rather
than the start of an event. In doing so, magnitudes are kept small enough that rounding is no
longer an issue.

For example, a reset point at **Sc[146] (shown in Figure 3) can be forced. The global
times being subtracted for the previous calculation are now on the order of microseconds rather
than years. By implementing code to check time differences between any two given secondary
particles, a ‘trigger’ system analogous to experimental methods can be set up based on energy.
With global time magnitudes now under control, the same subtraction produces an exponential
without rounding errors, as seen in the top half of Figure 4. This works well for even a 17 ps
state in 2°T1 after the full 32Th decay chain (in which it is populated) is followed within a
single event.

4.2. True coincidence summing

Following a radioactive decay in GEANT4, the entire series of secondary photons and particles
becomes part of the same event. True summations therefore naturally occur in these simulations.
Taking %°Co as a standard example, the intensities of two primary photo-peaks and their
corresponding sum peak may be compared to experimental data (Figure 5).

The trends closely follow a solid angle (€2) dependence as expected, becoming Q2 for the
summation. A naive approach to energy deposition, where everything entering the crystal is
summed, works fine for 9Co. However, for more complex decay schemes it can result in spurious
summations (Figure 6). Any *Sc emissions occur hours before any annihilation photons in the
44T} example of Figure 3.

To solve this, time differences between tracks in the crystal must be found and handled
accordingly. For gamma detectors all energy deposition comes from secondary particles produced
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Figure 5. %°Co photo-peak intensities as a  Figure 6. Demonstration of spurious **Ti
function of source distance. summations with no timing information used.

within the crystal. Reconstruction of full, independent tracks is therefore carried out by following
parent-child chains. Once reconstructed, the total energy deposited for each track may either
be summed or considered separate based on an appropriate time window.

A 2 ps window for the ADC conversion time seen in the red spectrum of Figure 6 demonstrates
this method removing spurious peaks while keeping accurate true summations. This generalised
use for any source is only possible by maintaining good timing precision over radioactive decay
time scales.

4.8. Multi-detector coincidences

With precision maintained in emission time differences, only travel times are further required
to allow for multi-detector coincidence measurements. Summation peaks also simply need an
extra condition to check that two candidate tracks enter the same detector.

A coincidence measurement is a combination of emission and travel time differences, with
broadening from intrinsic physical properties like scintillation lifetimes. Just as energy resolution
is sampled from a Gaussian based on experimental data, so too is a time resolution. Figure 7
shows the inclusion of an arbitrary 35 ns time resolution. The fit in this figure is a convolution of a
Gaussian and exponential [14], confirming accurate representation of the simulation parameters.

With multiple detectors and good timing information, angular correlations may also
be investigated. At the time of writing, the GEANT4 source only has a demonstrative
implementation for select isotopes; the simple 4t —2% —07T cascade in °Co. Checking with
108m A g it is clear that any angular correlations must be manually implemented by the user.

Of course, the 47 —27 —0T cascade in 1% Ag mirrors that of °°Co and works well (Figure 8).
However, no correlation is seen for the 67 —4% —2% cascade in the same decay. While the
amplitude should be slightly suppressed, the phase should be exactly the same as the transitions
that follow.

5. Current limitations

As with any simulator there are inherent limitations in fidelity achievable due to environmental
effects. The Naturally Occurring Radioactive Background (NORM) is primarily from the
257U and 22Th decay series, along with a significant “°K photopeak. This corresponds to
contributions from only ~25 distinct radioactive nuclides. However, local contaminations,
activations, and relative intensities all make it difficult to define a representative template.
The same is true of backscatter contributions to spectra. Any photons scattering back into
the detector from surrounding materials are dependent on accurate reproduction of the nearby
environment.
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6. Simulator usage

This simulator is currently serving the crucial role of providing machine learning models with
training data. These data are generated as needed for rapid testing of diverse scenarios. Of
course, corresponding test data are experimentally collected for final evaluations to present better
representations of real world performance. Accurate coincidence summations allow investigations
of closer geometries, and whether the additional peaks are useful for improved RIID. Setting
up multiple detectors also provides coincidence data that may give the machine learning models
extra relevant information.
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Abstract: Improvements in Radio-Isotope IDentification (RIID) algorithms have seen a resurgence in
interest with the increased accessibility of machine learning models. Convolutional Neural Network
(CNN) based models have been developed to identify arbitrary mixtures of unstable nuclides from
gamma spectra. In service of this, methods for the simulation and pre-processing of training data
were also developed. The implementation of 1D multi-class, multi-label CNNs demonstrated good
generalisation to real spectra with poor statistics and significant gain shifts. It is also shown that even
basic CNN architectures prove reliable for RIID under the challenging conditions of heavy shielding
and close source geometries, and may be extended to generalised solutions for pragmatic RIID.

Keywords: radio-isotope identification; convolutional neural network; gamma spectrometry;
simulations; GEANT; nuclear applications

0. Introduction

Radio-Isotope IDentification (RIID) finds a broad scope of applications in security,
decommissioning, and public health & safety. Each come with their own challenges, but the
effectiveness of any detection system stems from physical limitations and algorithm performance. The
ubiquity of HPGe and Nal detectors across the nuclear industry establishes a consistent landscape that
is ideal for RIID development, keeping physical constraints relatively predictable.

In contrast to advances in detector materials, identification algorithms are constantly developed
and updated. Persistent challenges in the explicit handling of transient effects (such as gain drift) have
led to new approaches with machine learning [1-6]. By definition, these models operate without being
explicitly programmed, instead making decisions based on generalised rules born of experience.

Artificial Neural Networks (ANN) have dominated the deep learning RIID approaches since their
inception [1]. These typically ‘fully-connected” models have a huge number of trainable parameters for
even simple networks. Efforts must consistently focus on reducing the number of input features given
to the model, often discarding information. Several interesting approaches for extracting underlying
signals from background noise include Principle Component Analysis [2,7] and the closely related
K-L transform [5]. Others rephrase the problem, performing feature extraction manually [1,3,4,6] and
providing these as input data instead of raw spectra.

A variant known as the Convolutional Neural Network (CNN) may provide new directions [8-10]
that inherently mitigate many of the issues ANNSs suffer from, while possessing unique advantages
beneficial to the RIID problem space. This work explores the application of sequential CNN models as
pragmatic RIID solutions, able to address the challenges of transient effects and shielded sources.

Sensors 2019, xx, 5; d0i:10.3390/sxx010005 www.mdpi.com/journal/sensors
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1. Spectra for training and testing

Any machine learning technique requires training, validation, and test data to work with. A
generalised gamma spectrometry simulator was developed for high-fidelity modelling of a diverse
range of data sets. The details of this GEANT4-based [11] simulator are available in Ref. [12]. The
synthetic spectra generated are used to train CNN models, monitoring for undesirable effects such as
over-fitting.

A 3 MeV range was simulated for nine sources that are readily available to this work: %" Ag,
21 A, 133Ba, 207Bj, 60Co, 137Cs, 152Ey, 22Na, and #4Ti. To demonstrate that these models may be used
even where experimental spectra are absent, the reference model (Section 4.2) was trained entirely on
simulated data, then tested on unseen experimental data.

Unfortunately, even when simulated, any comprehensive training set would take months to
produce if all variations in physical effects, geometries, source combinations, and shielding scenarios
were to be included. By simulating ‘template’ spectra instead, physically accurate variations in gain
shift, count rate, and relative activity of multiple isotopes can be randomly varied to make new, equally
valid training spectra. The analogy to image data is changing colour balances or rotating the original;
a common practice in data science.

1.1. Template spectra

Normalised template spectra were combined into multi-isotope spectra with experimental
background for every unique combination of sources. Each template contributes a share of the
total counts based on randomised factors (0.2-1.0). To provide significantly more training spectra with
poorer statistics in the ~103-10° counts range, this total sampled from a logarithmic scale. A reasonable
minimum of 500 counts per source was ensured. Background radiation was capped at 25% of the total
counts from all other sources.

——— Sampled template data

o CNN prediction (ref model)
Ti 108m 5

g:100.0% *°Co: 98.1%
0.020} 201 i
Am

Intensity [a.u]
o
o
N
a1
T
1

©0.0%  S?Eur 0.0%
¥Ba: 00% ®Na: 0.1%
0.015} 7B : 44.1%  “Ti:100.0% 1
¥ cs: 0.0%

T
0.010f B
108m 108m
Ag l Ag
l “T1i1%Co *°Co
0.005} ‘ J [ l l A
L L L L 1 L L

O'OOGO 500 1000 1500 2000 2500

Energy [keV]

Figure 1. Example 4x10% count spectrum containing natural background, %" Ag, #Ti and ®Co. A
31 keV discrimination energy and gain shift of x1.7 are applied. Note the ambiguity in predictions

207Bi
4

made by the reference model (See Sec. 4.2) for which is extremely similar in profile to 44Ti.

Lower energy thresholds were applied with a 40 keV maximum for the sake of 24! Am, which
predominantly emits a 59.5 keV y-ray. A small lower threshold is often used in experimental
measurements to exclude low level noise, but 40 keV is large enough to remove significant features
from several spectra. Gain shifts were implemented for a large 0.5-2.0 range of factors, emulating
extreme transients in temperature or signal processing electronics to test robustness. Resulting spectra
were re-binned using interpolated counts to ensure a consistent channel structure, with photopeaks
now shifted from the calibrated energy. Figure 1 shows an example of these randomised perturbations.
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Finally, spectra were compressed from 8192 to 1024 channels to clarify features in those with
poor statistics, normalising the intensities to unity for consistency. The same process was applied to
templates of experimentally obtained data, though the background must be removed before sampling.
All data pre-processing used the ROOT [13] framework. Since training data load into memory, a data
generator was used for scalability. With this, a buffer of several batches is loaded in parallel while the
model is training.

1.2. Test spectra

For testing, data sets were prepared for a 3” x3” Nal detector at 1, 5, and 10 cm from the source
to investigate close geometry effects. For shielded scenarios, up to 6 cm of aluminium shielding was
placed between the source and detector, with the source fully obscured. All simulated scenarios have
four training sets and six test sets of experimental data for performance testing, each using unique
random seeds for including further perturbations. Quoted classification rates and results are taken as
the average across all test sets.

2. Convolutional Neural Networks

7

Originally designed for image classification, the core of a CNN optimises successive ‘filter
sets that are convolved with an input image. ANNs consider every pixel independent, with each
pixel connected to every part of a hidden layer. Complexity therefore rapidly increases with scale.
By comparison, CNN convolution layers train only a set of small (typically 3x3) filters instead.
Computational expense is significantly reduced, scaling almost linearly with the number of input
samples. Context is also considered by including information from neighbouring pixels. Applying this
architecture to gamma spectra, where many important ‘features’ (such as photopeaks) are localised
over channels, is very beneficial.

By convolving a gamma spectrum with filters, new abstractions of features are created. The output
tensor of each convolution becomes a ‘feature map’. More complex features are learnt by building
upon multiple convolution layers. The first layers typically end up performing basic operations such
as edge detection.

Since filters are optimised during training, the model learns to extract features and decide which
are important for the final identification. This places the responsibility of feature extraction on
the model with minimal manual pre-processing. A small, fully-connected structure following the
convolution operations provides the probability of each source being present in the spectrum. An
overview of the model architecture is shown in Figure 2. Presented in this work is an approach to
RIID using ‘multi-class, multi-label” classification based on the special 1D case of a CNN. An overview
of this network type is provided in the next section, with key choices concerning certain parameters
discussed in the Results (Section 4).

2 B bbbl e
i |Leaky ReLU Leaky ReLU| | : Leaky ReLU | :

—» i | Flatten |-» § *°Co (100%)
ConviD ConvilD |: g Dense layer | :

207 (0%)

I'g ) ) “Ti (0%
; Sigmoid | ; (0%)
Max » Spatial [o} ‘
i Dropout ;
Pooling \ 2 Dense layer| | 2Na (0%)
Uncalibrated gamma Convolution modules (x3) Classification module Predictions

spectrum

Figure 2. Simplified CNN structure for radio-isotope identification. The sequential model consists of
several convolution modules, each performing 1D convolution operations to extract relevant features.
For classifications, the resulting tensor is flattened into a vector to interface with a small, fully-connected
ANN. The final output layer provides the probability of each source being present in a gamma spectrum.
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3. Methods

3.1. Model definition and learning

Rapid uptake of machine learning methods in the last five years has been driven by accessibility.
This work utilises the open-source TensorFlow [14] libraries. Such powerful tools would otherwise
require a great deal of effort to implement; another limiting factor in the complexity of early models

following Olmos et al. [1].

Spectrum Feature map Feature map Max pooling Spatial dropout

(1, 1024, 1) (1, 1024, H) (1, 1024, K) (1,512,K) (1,512, K)
] ] ] o
- p 1O
1 To
0
o 12 H 12 K
Leaky RelLU Leaky ReLU : e ™
e T Poolin Dropout
Max() taken Some spectra
ConvlD ConvlD randomly reset
Filter: (1,3,1) Filter: (1,3,H) Width: 2 ch
Nefilters: H Nefilters: K Stride: 2 \_Rate:50% )

Figure 3. Representation of the convolution module. An array of intensities represents the spectrum.
This trains first H filters, then K filters in two convolution layers to emphasise key features in the spectra.
Pooling and dropout then reduce the dimensionality and combat over-fitting. For demonstration
purposes, the shapes exclude a dimension for batch size. See text for details.

This CNN model consists of groups of 1D convolution layers in three modules (Fig. 3), each
with many filters. By stacking two convolution operations in each module, a larger channel range is
seen with fewer parameters, while intermediate activations exaggerate weights to make features more
expressive. These activation functions introduce non-linearity into the model, with Rectified Linear
Unit (ReLU) based functions (y = max(0, x)) chosen over legacy functions due to their robust nature.

The ‘'max pooling’ operation down-samples convolved spectra by propagating only the maxima
of non-overlapping channel groups. This reduces the size of output tensors while retaining important
features. ‘Spacial dropout’ is also employed, removing spectra from feature maps at random to prevent
over-dependence on any particular path for a final classification.
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Figure 4. Representation of the classification module. The convolution module output is flattened
into a vector. A small ‘fully-connected” ANN makes final predictions of present sources, with a 0-1
probability through a Sigmoid activation. See text for details.
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With the tensor of the final convolution module flattened into a vector, classifications are decided
through a small ANN (Fig. 4). This may be only two fully-connected or ‘dense’ layers, again randomly
resetting individual nodes with dropout to discourage over-fitting. The final layer and its activation
function decide the type of classification.

For practical RIID with a single model (Fig. 2), this is a multi-class, multi-label problem. Spectra
contain arbitrary combinations of multiple labels, each corresponding to one of the nine unique classes
(sources). Arrays of labels are encoded to designate sources as either present (1) or not present (0)
for each spectrum. The model is compiled with the Adam optimiser [15] and a binary cross-entropy
loss function [16]. All parameters relating to the model structure and compilation are known as
‘hyperparameters’, with specific examples listed in the results of Table 2.

3.2. Performance evaluation

Evaluation of this multi-label classification problem is best described by building upon binary
concepts. The final Sigmoid activation (y = (1 +¢~*) 1) encodes the probability of each source being
present in a test spectrum. Models are trained on a decision threshold of 0.5, with probabilities > 0.5
defining a ‘positive’ (1) classification. If the source is actually present, it is correctly identified as a
“True Positive (TP)’. Correspondingly the other possible outcomes are shown in Table 1.

Table 1. Simple binary classification outcomes.

Actual label
1 0
Prediction 1 True Positive (TP) False Positive (FP)
0 | False Negative (FN) True Negative (TN)

Performance may vary as this decision threshold changes. For the balanced training sets used, a
Receiver Operator Characteristic (ROC) provides a good indication of performance with threshold. To
produce an ROC plot, True Positive Rate (TPR) and False Positive Rate (FPR) pairs are plotted for each
threshold (t), defined as,

TP FP
“7tprEn M FPR=pp N @

For RIID applications, the TPR is a measure of ability to find all sources present, while FPR is the
probability of a false alarm. A closely related metric is “precision’, or how relevant the predictions are.

TPR

TP
TP+ FP @
The ROC curve is extended to the multi-label case by considering each label individually, and

together as an average. This information may be summarised in a single value by the Area Under
Curve (AUCQ) as,

precision =

AUC = [ 0:0 TPR({)FPR'(t) dt. 3)

The ‘Perfect’ Prediction Rate (PPR) is also used in this work as a complementary measure of RIID
performance given the real world applications. For example, averaging rates over the many sources
may fail to reflect a consistently poor performance when making predictions for one in particular.
Predictions are only considered perfect when every possible source is correctly identified as either TP
or TN, acting as a much harsher performance metric. The PPR is simply the fraction of test spectra that
had such perfect overall predictions.
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4. Results and discussion

Performance of any RIID model based on machine learning is dependent on two primary aspects.
First, the model’s architecture and hyperparameters must be chosen with desirable properties in mind.
One example is the dropout rate of a dense layer, where a balance must be struck between dropping so
few nodes that over-fitting is a risk, or so many that performance suffers. The second consideration
must be the data sets used to train the model. For example, larger data sets are generally better for
deep learning because the model has more representative samples to learn from. An investigation of
both aspects was carried out. The same model architecture dubbed the ‘reference model” was used to
evaluate all data sets, including the challenges of heavy shielding and close geometries.

4.1. Reference model

For every unique combination of the nine sources, only 20 spectra were produced to build a small,
entirely simulated training set for the 3” Nal detector at 10 cm. Relatively few spectra (~1x 10%) means
that if the model does not generalise well, performance will suffer. Significant over-fitting will also
make poor predictions on the unseen real data. Several equally small test sets were produced from
experimental spectra, provided to models as uncalibrated spectra with no pre-processing beyond
rebinning to 1024 channels and count normalisation.

Combinations of the two most common optimisers, Adam [15] and RMSProp [17], were assessed
with a variety of initialisers. While consistent across initialisers, a difference between the two optimisers
saw PPR change by 3.2(1)% on average. The marginally better He normal [18] initialiser was chosen to
randomly set initial weights from a truncated normal.

While the second dense layer (Fig. 4) must have nine nodes (one for each class), the first can vary
and have significant impact in comparison to the other hyperparameters. Figure 5 demonstrates how
important the size of this small ANN is for making good use of the features extracted by the convolution
layers. There is a clear degradation in performance when using a smaller ANN, but the computational
expense rapidly increases with the number of nodes, thereby encouraging a compromise.

80 b

60 -

Average classification rate [%]

+ Perfect prediction
—I— True positive
—I— False positive

40

20

) L L I L L L 1 1 L L | L L L 1 L L L 1 L
0 200 400 600 800 1000
Dense layer nodes
Figure 5. Variation in performance rates as the dense layer size of the classification module is varied.

Bold lines represent the average across all training and test sets. Diminishing returns quickly encourage
a compromise as dense layers rapidly increase in complexity with scale.

The ‘leaky’ ReLU activation function variant was implemented throughout the model to combat
an issue where negative weights may a gradient of zero, leading to the well known ‘dying node’
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problem. A small gradient in the negative weights is therefore included as y = max(ax, x), where
« = 0.1, rectifying the problem of vanishing gradients.

Table 2. Relevant reference model hyperparameters.

Parameter Value

Optimiser Adam

Initialisers (kernel, bias) He normal, zeros
Activation function Leaky ReLU (a = 0.1)
Batch size 32

Dense layer nodes 700

Dropout (spatial, dense)  0.5,0.5
Filters per Conv layer 40

Filter size 7

Pooling type Max pooling (length 2, stride 2)
Padding Same

Loss function Binary cross-entropy

A collection of all important hyperparameters used in the final reference model is shown in
Table 2. Of course, there are many combinations and drastically different CNN structures possible.
However, with the exception of dense layer size, most appropriate hyperparameter ranges showed
only minor effects on classification performance during the prototyping phase of this work.

4.2. Reference model performance

Performing evaluation on the test sets of unseen experimental data, the overall classification rates
are shown in Table 3. The average perfect prediction rate across test sets was 74.4(9)%. A precision of
99.61(3)% reflects that few of the possible labels were predicted incorrectly in the remaining test spectra,
indicating that correct label predictions were made with a high degree of confidence. The average
time to load spectra and make predictions using the pre-trained model was <5 ms per spectrum on an
i5-5200U CPU, making real-time updated classifications readily available to an end user.

Table 3. Overall classification rates for the reference model.

Actual
‘ 1 0
119651)% 3.1(22) %
0| 351)% 96.9(2) %

Predicted

As discussed in Section 3.2, the rates shown in Table 3 take performance as a whole. Individual
binary confusion matrices can be extracted for each class, but the clearest visual aid for observing class
performance is the ROC curve.

Figure 6 (a) shows a full ROC for this model after extension to the multi-label case. Each curve
tends toward (0,1) as performance improves, with the dashed line representing random assignment of
positive or negative classifications. Inspecting the detail in Figure 6 (b) identifies ??Na, ®*Co, and *4Ti
as being marginally responsible for more false classifications. Slight differences in AUC confirm this
quantitatively. A 22Na spectrum in particular contains very few features, all of which closely overlap
with those of many other sources to make distinction difficult. The shallow architecture found 2Bi or
447Ti slightly more challenging, without enough higher level feature extraction making it difficult to
separate the two extremely similar spectra. Figure 1 previously demonstrated such a result. The %°Co
source, while distinctive, has both major peaks at energies that overlap with several other sources.
Again, this makes separating the sources in the overall profile much more difficult for even a trained
spectroscopist. For RIID, these multi-label ROC curves prove an extremely useful tool for quickly
recognising which sources different models have difficulty with.
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(b) Detail of ROC from (a) showing individual sources.
Figure 6. ROC curves extended to the multi-label case for the reference model. Provides comparisons
of performance with each source as the decision threshold is varied. The average (red) is included in
6a as a reference for model performance across all classes. Figure 6b shows 2’Na, ®°Co, and *Ti as
marginally responsible for more false classifications.

4.3. Challenging conditions

With knowledge of the reference model performance on unshielded sources at a 10 cm stand-off
distance, new models were trained from scratch on challenging data sets using the same architecture.
Results for the challenging conditions of close geometries and shielded sources are summarised in
Table 4.

Table 4. Average perfect classification rates across data sets. All models were trained using the reference
model architecture. Reference model developed on marked data set (*)

Stand-off data AUC Perfect rate [%] | Shielded data AUC Perfect rate [%]
Point, 10 cm*  0.996(1) 74 4(9)* 2cm Al 0.994(1) 73.909)
Point, 5 cm 0.995(1) 73.9(6) 4cm Al 0.986(2) 59.9(7)
Point, 1 cm 0.991(2) 66.5(5) 6 cm Al 0.951(4) 34.9(8)
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True coincidence summations become more likely in close geometries. Indeed, the solid angle of
the 1 cm distance means that almost all spectra contain additional photopeaks, drastically increasing the
complexity of multi-isotope spectra. Despite this, the reference model was able to perform relatively
well even with the additional complexity. Note that this is in part due to the accurate handling
of coincidence summations of the simulator, which produces good training data as a result. The
probability for summation reduces quickly with distance, following an inverse square law, so it is
unsurprising that the 5 cm and 10 cm stand-off distances performed similarly.

Attenuation of vy rays through shielding is exponential with thickness. Lower energy photons
(<100 keV) become increasingly more likely to interact, affecting them more severely. Backscatter,
where a photon Compton scatters in material prior to entering the detector, also changes the profile
of spectra significantly. A combination of these effects makes shielded scenarios one of the greatest
challenges of RIID.

Heavily shielded conditions were simulated to reproduce experimental test data. Sources
were placed 10 cm from the detector, with up to 6 cm of aluminium positioned between the two.
Classification rates suffer as shielding is increased. In contrast to other data sets, the ROC curves reveal
4471j, 24 Am and !®2Eu to be the cause of more incorrect predictions. Interestingly it can be inferred that
the 152Eu predictions rely quite strongly on the more prominent, low-energy peaks for distinguishing
the source.

The ®°Co and ?*Na spectra, each with prominent features at higher energies, have been replaced
by those that rely on low-energy features. Of course, these are now attenuated, often to the point of
being missing. At 6 cm there is simply not enough of the solitary 2! Am peak left to stand out among
backscatter and other sources, with the average false negative rate of 12.3(3)% almost entirely due to
this source.

While perfect rates drop below 50%, it is important to note that the perfect rate for randomly
assigning a label as present is just 0.2% for this set. It is very encouraging that model performance
reflects the challenges of the physical phenomena involved, enabling a more intuitive understanding
of model limitations and how pre-processing may be adapted to highlight certain features.

4.4. Optimising for deployment

The CNN approach has demonstrated excellent performance for the challenges addressed, but
the focus consistently lay with changes in the model architecture. Pragmatic solutions for real-world
deployment can not ignore the data sets themselves. The key theme is always one of representation.
Application of common tactics for improving performance beyond hyperparameters were investigated.

4.4.1. Data set size

One of the simplest changes to make is in the size of the training data set. For rapid prototyping, a
small set of ~20 samples per unique source combination was used to optimise workflow. This reduces
to an average of just 10 samples after splitting spectra into training and validation sets. With the
extremes in gain shifts, total counts, and relative activity of the mixed sources, this makes for a data
set that can not possibly represent the diverse range of spectra that may be present in experimental
test sets. As a brief experiment, the same parameters used to generate the unshielded data set of the
reference model were applied here.

As Figure 7 shows, changing nothing but the size of the training set sees PPR performance increase
to ~81%. The advantages of a larger set are seen to plateau here because the training data variations
are all well represented. Of course, the limitation here is that training data are entirely simulated,
missing some of the the subtleties of real spectra. However, this general trend does demonstrate why
augmenting particularly small training sets with simulated data is very often a worthwhile endeavour.
The next section explores the inclusion of real spectra as a more realistic use of the data likely to be
available when deploying systems.
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Figure 7. Comparison of performance with number of training samples. While there is a sharp rise in
performance as more training spectra are added, the performance plateaus for these particular data.
For more complex data sets, additional training samples are expected to become far more important.

4.4.2. Including real data

Simulated data are only ever an approximation of reality. The generalised approach using only
simulated training data provided a rapid development environment, but they can exclude the subtleties
of real spectra. Ideally all training data would be experimentally obtained, but a compromise often
made is to supplement the available on-site data with those of a simulation.

New training sets were generated to contain an even mix of real and simulated point source
data at 10 cm, averaging 10 samples per source combination for direct comparison with the reference
model. The PPR averaged an excellent 89.8(9)%, with ROC curves showing that the 4T, 2Na, and
0Co sources were, once again, the cause of more incorrect predictions. Including as many real data
as possible is therefore highly recommended, whatever the application, and these results clearly
demonstrate the advantages of doing so for the purposes of RIID.

4.4.3. Generalisation

These models have already been shown to perform relatively well at different stand-off distances
and levels of shielding. In each case, the model was trained on a specific simulated data set, and
tested on the experimental version. However, many data sets may be combined to make the single,
generalised model that real world applications need. A large data set was made by combining every
individual data set, each with 10 training samples per source combination. For the sake of comparison,
the training data were entirely simulated. The reference model was then trained on this all-inclusive
set. This generalised model was finally used to make predictions on all of the test sets separately for
direct comparison with the performance of previous sections (Table 5).

Table 5. Average perfect classification rates for all scenarios. The generalised model is compared with
those trained individually on each set. Reference model developed on marked data set (*).

Test set Individual (%) Generalised (%)
1 cm stand-off 66.5(5) 72.6(9)
5 cm stand-off 73.9(6) 90.5(4)
10 cm stand-off* 74.4(9)* 90.9(4)
1 Al plate 73.909) 88.5(7)
2 Al plates 59.9(7) 81.5(6)
3 Al plates 34.9(8) 60.4(7)
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The results across all sets are much improved, even exceeding the addition of real spectra for the
10 cm stand-off data set. This follows expectations, given that the training data here are 6 larger,
and far more comprehensive. Challenging conditions still make heavy shielding and close geometries
more difficult, mirroring the trends seen with the more focused models trained on individual data sets.
However, there is clearly scope for training a generalised model to handle spectra produced under all
kinds of external challenges, on top of complications present in every spectrum as a result of physical
detection mechanisms.

5. Conclusions

This work demonstrates that even basic CNNs may be used for the rapid, accurate identification
of multi-isotope sources. The focus of this work was the methodology and performance of a simple
model when applied to challenging data sets, even where experimental data are not readily available.
A sequential CNN was applied to the RIID problem space to identify arbitrary mixtures of up to nine
nuclides. Precision and the AUC metric are often too close for meaningful comparisons, so taking the
full set of possible sources, ‘perfect’ classification rates were used as a complementary performance
metric. An average perfect rate of ~74% was seen for uncalibrated experimental spectra that contained
large gain shifts, low energy thresholds, often poor statistics, and were trained exclusively on a small
sample of simulated data.

Applying a consistent model architecture to the conditions that most challenge RIID showed
comparable performance in most cases. In the extremes it was seen that predictions faltered for heavily
shielded isotopes, primarily those with low energy emissions due to a loss of critical features in the
spectra. In close geometries, multi-isotope spectra become far more complex due to extra summation
between photon emissions. Despite this, models tested on the 1 cm stand-off data still performed well.

Inclusion of many additional training spectra raised perfect prediction rates to ~81% in a trend
typical of deep learning problems. The variation in training set characteristics demonstrates a strong
influence on performance, so evaluation of models for RIID should not be confined to just the CNN
architecture and its hyperparameters. Indeed, most real-world applications require representation
of many different scenarios to account for geometries, crystal sizes, intrinsic resolutions, and any
other physical effect that will distort the profile of a spectrum. The importance of representation is
highlighted when real spectra are mixed into the pool of training samples. The perfect prediction
rate for these same test sets used for the reference model was increased by ~15%, a trend that the
work of Ref. [19] also notes for a similar application. Lastly, this work also indicates that CNN-based
models lend themselves particularly well to a generalised RIID model that can accommodate a range
of conditions expected in the deployment of real systems.

To summarise, this work shows that relatively simple CNN models can be successfully applied to
pragmatic nuclide identification. A constantly evolving landscape of deep learning techniques often
produces new and advanced convolution architectures. These, combined with the domain knowledge
necessary for effective pre-processing in gamma spectrometry, may prove ideal for rapid and robust
real-time CNN-based RIID systems.

6. Future work

Current efforts seek to combine further data sets for the purpose of training a general purpose
model. The preliminary results presented demonstrate the potential for such a model. Fortunately,
the techniques outlined in this work are extremely flexible, allowing expansion of training sets to
combinations of any nuclides and conditions that may be simulated. However, it must be noted
that scalability of a single model in this way is limited. Future work therefore also seeks to compare
performance to a modular ensemble network. Instead of a single model, there would be a combination
of nine separate CNNs performing a binary classification for each source, the results of which are
brought together later similar to the approach of Ref. [10].
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