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Abstract

Accurate modelling of electron scattering from liquids and complex biological targets is critical

for the development and implementation of plasma devices in fields such as medicine, nanoscale

device manufacturing and agriculture. A necessary ingredient for electron transport models is

the microscopic description of electron scattering through matter, which is usually described

through complete sets of cross-sections. Current theoretical, experimental and numerical methods

have thus far provided a wealth of electron scattering cross-section sets for various gas-phase

molecular targets and non-polar liquids. However, the same can not be said for scattering in

polar liquids and from complex molecules due to a combination of limitations in theory, direct

experimental measurements and numerical techniques.

The focus of this work is thus directed toward the determination of electron scattering cross

sections, particularly in regimes where existing techniques are limited. We propose a new

experimental technique and improve upon existing numerical techniques that aim to expand the

horizon of cutting-edge electron transport research.

In partnership with Flinder’s University, we present the first measurements of electron scatter-

ing from a liquid water surface in vacuum conditions through the use of a newly developed liquid

micro-jet apparatus. Through a feasibility study that utilises simulations of the experimental

apparatus, we demonstrate that, while complete electron-liquid cross section sets would require

additional methods and measurements, select cross sections could be determined using deep

learning. Using this knowledge, we then conduct initial tests of the experiment and compare

the results with existing theory. First, the equipment was calibrated by varying the jet position

perpendicular to the electron beam and comparing the scattered intensity to expected simulated

results. A reference angle for the detectors was then determined through a Gaussian fit of the

angular dependent scattered intensity. Finally, the first measurements of direct electron-liquid

energy loss spectra under vacuum conditions are presented and compared with simulation data

and their discrepancies are discussed. These results represent the first steps towards utilising

direct electron-liquid energy loss spectra for the determination and validation of electron-liquid

cross sections.

The determination of gas phase electron-scattering cross section sets for complex molecules

represents a key limitation of current techniques. An iterative technique is often utilised to refine

an initial prediction using existing knowledge about the molecule, the guidance of an expert

and swarm transport coefficients. Recently, leveraging existing cross section sets available, a

deep learning technique was developed for the determination of electron cross-sections from

macroscopic measurements of electron swarm transport through gaseous environments [1]. Thus

far, the method has been applied to the improvement of electron scattering cross-sections from

biological molecules. In this work we extend and improve upon the method to reduce the need

for prior information about electron scattering and apply the technique to a novel problem.



We demonstrate improvements to the deep learning technique that allow for the determination

of full scattering cross-section sets in highly ill-posed regimes with minimal prior knowledge of

its solution, and evaluate the performance of this technique using methane as an example due to its

vibration and attachment processes. We find that the predicted cross section set is able to replicate

methane’s drift velocity, reduced longitudinal diffusion coefficient and effective ionisation rate

within 0.48, 1.69, and 5.84% mean absolute relative percentage error, respectively. Finally, we

use the technique to determine an electron scattering cross section set for HFO1234ze(E) that

demonstrates positive synergy in mixtures with SF6 with a mean absolute relative percentage

difference under 3% for drift velocity, 13.5% for reduced longitudinal diffusion and 64% for

effective ionisation rate across the three HFO1234ze(E) mixtures considered. Overall, this

method allows a general and automated framework to determine a complete and self-consistent

cross section set for arbitrary targets from swarm transport coefficients.

In total, this work advances our understanding of what deep learning techniques can achieve

through new techniques that interpret newly developed liquid micro-jet experiments and solutions

to ill-posed problems in particle transport.
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Chapter 1

Introduction

1.1 Motivation, aims and applications

Electron transport through gaseous, liquid and plasma environments represents the foundation for

a vast array of cutting-edge research and applications. From microelectronics [6] to linear accel-

erators for cancer treatment [7], technologies that leverage electron transport are omnipresent in

everyday life. The advancement of current technology, and the development of new applications,

relies on a detailed understanding of microscopic interactions between electrons and molecules

in each state of matter. In what follows, we highlight two prominent knowledge gaps surrounding

the scattering of electrons through liquid environments and gaseous complex molecules. The

work presented in this thesis is thus conducted in two phases that aim to further our understanding

in each of these areas.

The first phase of this work is motivated by the application of plasma to heat sensitive and

liquid targets. Plasma is a unique state of matter composed of both neutral and excited molecules,

radicals, electrons and ions. When applied to a surface these highly reactive species can be used

to drive numerous important reactions. For example, the microelectronics industry utilise plasmas

to deposit and remove materials when fabricating micro-processes [6]. Of interest to this work is

the application of low temperature plasmas (LTPs) to liquids, which is fundamental to a variety

of important domains including environmental remediation, synthesis of nanomaterials and

medicine [8–11]. LTPs are generally distinguished through typical electron temperatures that are

much higher than its equilibrium ion and background neutral temperatures [12]. The generated

heat flux is then significantly reduced while still maintaining sufficient electron energies to drive

reactions within the plasma and the applied surface. Excited or ionised molecules from within

the plasma or target material then react with other molecules to generate biologically relevant

species. Critically, this property enables their application to heat sensitive biological matter in

atmospheric conditions.

Shown in Figure 1.1 is the interaction region of the plasma-liquid interface, which exhibits

1



highly complex and non-equilibrium scattering mechanics. Identified in the Plasma Roadmaps

[10, 11], and the Plasma-Liquid Roadmap [13], the predictive control of each processes is

crucial for applications associated with the interaction of LTPs and liquids. In particular, low

energy (< 10eV) electrons play a key role in driving reactions at the plasma-liquid interface and

modelling their transport is critical for the high-level optimisation of efficacy and selectivity of

current and future generation plasma-liquid applications [14]. Recent experiments have shown

that electrons may penetrate up to 10−20nm into the liquid before solvation occurs [15–19].

Predictive modelling of electron scattering processes enables a broader and more system-

atic sampling of the parameter space than what can be achieved physically. The majority of

plasma-liquid models however, assume immediate solvation into the liquid [17, 20, 21] or utilise

microscopic scattering information (cross-sections) derived from gas phase or amorphous ice

scattering measurements [22]. These models may neglect any free non-equilibrium electron

penetration, and associated pre-solvated electron-induced chemistry near the surface, including

excitation, ionisation, radical formation and other important processes such as dissociative elec-

tron attachment processes well known to occur in the modelling of secondary electron radiation

damage [23].

Theoretical approaches to describe electron scattering through non-polar liquids has recently

reached some maturity [24,25] but the same can not be said for polar liquids. Polar liquids exhibit

trapped electron states and free electron scattering from spatially, temporally and orientationally

correlated dipoles. Critical for the validation of theoretical approaches are experimental measure-

ments of electron scattering in liquid environments. The high vapour pressure and the volatile

nature of liquids makes their study in experimental conditions, particularly in vacuums, difficult

to achieve [26]. Experiments generally measure either macroscopic properties of electron swarms

Figure 1.1: An overview of the induced reactions and their reactive species across the plasma-

liquid interface. Sourced from Bruggeman et al. [13].
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in liquids [27–30] or indirectly through photoelectron scattering from liquid beams [31–39].

Therefore, in the first phase of this work, we propose and investigate the feasibility of a new

electron-liquid scattering experiment for this purpose.

The motivations for the second phase of this thesis is informed by the need to reduce the

use of sulfur hexafluoride (SF6) as a dielectric insulator in high voltage applications. Dielectric

insulators are extensively used in high voltage circuit breakers and in gas insulated switchgear

due to their strong electron attaching properties, heat transfer capacity and arc-quenching

ability [40,41]. For high voltage applications, SF6 has existed as the favoured insulation medium

for the electrical industry since 1960 [40]. However, the use of SF6 is being phased out due to

its considerably high global warming potential (GWP) and a search is underway for low GWP

alternatives [40]. This search requires the union of experimental measurements and theoretical

descriptions of electron scattering from numerous complex molecules that are not currently well

described.

1,3,3,3-Tetrafluoropropene (C3H2F4), commonly referred to as HFO1234ze-E, has recently

been proposed for use in dielectric insulators due to its positive synergy effects in mixtures with

SF6 that results in a higher critical field than either HFO1234ze-E or SF6 [42]. The extensive use

of SF6 could then be substantially reduced by replacing large fractions of SF6 with HFO1234ze-E

without a reduction in critical field strength. However, in order to model such mixtures, an

accurate electron scattering cross section set is required. The polyatomic nature of this molecule,

along with the three-body processes observed [43], hinders theoretical approaches to deriving the

associated electron scattering cross section set. In addition, the extensive search for replacement

candidates makes it difficult to justify the time and monetary cost of crossed-beam scattering

experiments, which enable the direct measurement of microscopic scattering events [44].

In the exploratory phase for potential SF6 replacements, numerical techniques such as

the inverse swarm technique [45] and, more recently, a deep learning approach [46, 47] exist

as a relatively fast an inexpensive alternative. However, the highly ill-posed nature of the

problem renders their application limited when little prior knowledge exists for a particular

molecule [47]. Motivated by this limitation, in the second phase of this work we propose

modifications to the deep learning approach outlined by Stokes et al. [1] and then apply the

technique to the determination of a complete and self-consistent description of electron scattering

from HFO1234ze-E.

In what follows we provide an overview of electron scattering processes and the tools

used to describe their motion through various mediums. We then describe and summarise the

main experimental and numerical approaches currently used to determine electron scattering

mechanics. Finally, we present an outline of the thesis structure before detailing the work

conducted in each phase.



1.2 Electron transport in liquids and biological matter

Initially proposed by Ludwig Boltzmann in 1872 [48], and subsequently modified by Wang

Chang et al. to include inelastic collisions [45, 49], the Boltzmann equation remains a prominent

means for the description of non-equilibrium gases. The equation can be expressed as,

∂ f
∂ t

+�v ·�∇ f +�a · ∂ f
∂�v

=

(
∂ f
∂ t

)
coll

, (1.1)

where f (�r,�v, t) is the phase-space distribution function, �a is the acceleration resulting from

external forces such as electric fields,�r and�v are the position and velocity vectors respectively,

and
(

∂ f
∂ t

)
coll

accounts for all particle-neutral interactions. The phase-space distribution function

offers a complete description of the system of particles and enables the description of critical

macroscopic properties of electron swarms. The solution of Equation (1.1) relies on a complete

microscopic description of electron scattering processes, which is provided by a complete

set of differential cross sections. In what follows we provide a brief overview of differential

cross sections and the associated collisional kinematics for electron scattering from atomic and

molecular targets. For an in-depth description, see the work of Robson et al. [50]. We then

give an overview of numerical techniques for the solution of Boltzmann’s equation and the

determination of cross section sets.

1.2.1 Electron scattering cross sections

Fundamental to modelling electron transport is the development of electron scattering differential

cross sections, which represent a complete probabilistic description of a particle’s interaction

with a target particle and molecule for a given scattering process. Fundamentally, a differential

cross-section is defined by the ratio of the number of particles scattering with a particular final

velocity and initial incident beam of particles [50],

σ (g,χ) =
Number of particles scattered into small element dχ

Incident particle flux
, (1.2)

where g is the relative speed of the collision, χ is the polar scattering angle. For reference,

Figure 1.2 shows a schematic overview of the cross section definition. In this definition, we

have assumed rotational symmetry around the scattering axis. The result of this is a probabilistic

description of a scattering event that is a function of relative velocity and polar scattering angle.

When anisotropic scattering is weak, the solution of Boltzmann’s equation commonly utilises

the momentum transfer cross section, which, assuming the target molecule is at rest, can be

defined as [51],

σm j (ε) = 2π
∫ π

0

[
1−

(
1− ε j

ε

)1/2

cos χ
]

σ (g,χ)sin χdχ, (1.3)



where ε is the incident energy and ε j is the threshold energy for the j-th inelastic scattering

channel.

As a cross section’s magnitude is dependent on the relative velocity of the scattering particles,

it is often intuitively thought of as the cross sectional area of the target [50]. A larger cross-

section, or surface area, results in a higher likelihood that the associated scattering event will

occur. Leveraging their probabilistic nature, numeric solutions techniques can then predict the

macroscopic effects of an ensemble of interacting particles and molecules. Each cross section

may vary as a function of energy, the phase of matter for molecular targets and in the case of

three-body effects, density.

Complete electron scattering cross section sets provide descriptions of each collision process

available to the electron. Elastic collisions represent a standard binary collision that results in no

change in the internal energy of either the incident or target particle. Excitation cross sections on

the other hand contain a threshold energy, below which the probability of the collision is zero,

and describes the discrete transfer of energy from the electron to transition the target molecule

to a more energetic rotational, vibrational or electronic internal state of the target molecule.

Conversely, super-elastic collisions represent the transition to a lower energetic state of the target

molecule and an equivalent increase in the electron’s energy. Ionisation and attachment collisions

are non-conservative in nature and result in the ejection of an additional electron from the target

or the attachment of the incident electron respectively.

Electron scattering events in the gas-phase exhibit an average inter-molecular distance that is

much larger than the de-Broglie wavelength of the particle, which results in scattering events that

Figure 1.2: Graphical representation of a differential cross section for a beam of particles with a

velocity g relative to the target velocity, an impact parameter between b and b+db, and reduced

mass μ . The beam then scatters between χ and χ +dχ with velocity g′. Figure is reproduced

from [50].
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are two-body in nature. Gas-phase cross sections can then be readily implemented in numerical

electron transport modelling software, while their derivation ranges in difficulty depending on

the complexity of the subject and the process it describes [44]. The field benefits from online

databases such as LXCat [52], which is a collaborative and free reference for electron and ion

cross sections in addition to experimental measurements of electron swarms.

Scattering events in the liquid-phase present a particularly challenging problem in low energy

(< 10eV) regimes due to the influence of neighbouring molecules. The density of liquid targets

results in an inter-molecular spacing that is often less than the de-Broglie wavelength of electrons

at these energies. In this regime scattering events may occur across multiple targets in addition

to multiple scattering events per interaction. Recently, advances were made to account for these

interactions for electron scattering through non-polar liquids [24]. Two modifications were made

to the gas-phase scattering potential, which forms the basis for scattering cross sections. The

first modification accounts for the induced dipole of each surrounding molecule, which results in

a screening of the focus molecule’s induced dipole in a scattering event. The second includes

an additional effective potential to account for the interaction between the electron and other

molecules in the bulk liquid.

An electron’s transport through a polar liquid is generally described as existing in either a

quasifree or a trapped state [53]. Trapped states arise from configurations of molecules that result

in a source of low potential energy where quasifree electrons can be localized and then either

fully solvated or activated once again into a quasifree state. In addition, at liquid surfaces the

orientation of molecules can be correlated, which will require a depth-dependent modification to

the scattering cross-section. Another important multi-body processes is three-body attachment,

which can be found in molecules such as O2 and HFO1234ze-E [54, 55]. Three-body attachment

processes introduce a pressure dependence to the associated scattering cross section that must be

characterised.

Self-consistency is a critical component of cross section sets and is defined by its ability to

replicate experimental measurements. Commonly, cross section sets include only transitions

from the ground state of the target molecule and total cross sections may be used in place of

numerous similar collisional processes. The use of cross sections from a variety of determination

techniques, which each may rely on reasonable approximations, can result in cross section

compilations that are not self-consistent [56]. Any approximations that are made in electron

transport modelling software, such as the prevalent two-term approximation in the solution of

Boltzmann’s equation, can also affect the self-consistency of a cross section set [57]. Therefore,

in lieu of an exact description of each scattering process, cross-sections must be derived or

adjusted in the context of each other cross section within the set and the electron transport

modelling technique used to ensure an accurate replication of experimental measurements.



1.2.2 Electron transport modelling techniques

The solution of Boltzmann’s equation for electron motion through various media requires numer-

ical techniques to solve the system of partial-differential equations [50, 58–61]. The solution

of this equation often requires restrictive boundary conditions [57] that limit its applications.

The most prominent and simplest application of Boltzmann equation solvers is for simulation of

swarm experiments, which are discussed further in Section 1.2.3.

Since the 1950’s, the modelling of equilibrium and non-equilibrium statistical mechanics

has seen significant advances due to the ever increasing capability of computing technology

and numerical techniques. The most prominent of which is the development of Monte Carlo

methods by Metropolis et al. [62] and the molecular dynamics of Alder and Wainwright [63].

Monte Carlo methods in particular have found widespread use in research and industry due to

their ability to utilise arbitrary boundary conditions and complex geometries [64–67]. Generally,

Monte Carlo methods reconstruct the phase-space distribution function of Equation (1.1) through

a direct simulation of an ensemble of probabilistic particles [68]. Using statistical techniques,

macroscopic properties of a large number of simulated particles can then be determined from

microscopic cross sections in highly complex systems that are often inaccessible by deterministic

methods. In addition, Monte Carlo simulations often utilise what is known as the swarm ap-

proximation, which assumes a low electron-density limit such that electron-electron interactions

are negligible. In this regime, each particle can be simulated independently, which reduces

computational burden and enables parallel computing [66].

Particle-in-cell (PIC) simulations are commonly used in regimes where the swarm approx-

imation is invalid, such as those found in plasmas [69]. Pioneered in the 1950s by Buneman

and Dawson [70, 71], PIC techniques provide a full kinetic description of high-dimensional

plasma along with the ability to model complex atomic and plasma-surface interactions. A key to

these models is the simulation of ‘superparticles’, which each represent many physical particles,

through a phase-space grid on which the solutions of Maxwell’s equations are found. While

advances in computation power and techniques continue to be made, intensive computations are

still required for the simulation of sufficiently large systems.

Each of these modelling techniques, and others, play an important role in both the prediction

of real world transport phenomena and the unravelling microscopic descriptions of particle

transport. In Chapters 2 and 3, we develop and utilise a Monte Carlo simulation to aid in

the design of, and conduct a feasibility study for, a new electron-liquid micro-jet scattering

experiment. Following this, we use a multi-term Boltzmann equation solver developed by

Stokes et. al. [1] to generate training samples of experimentally measured electron transport

properties.



1.2.3 Current methods for determining electron scattering cross sections

Throughout the history of modelling electron transport, several theoretical, experimental and

numerical techniques have been developed for the determination of electron scattering cross

section sets. Together, these methods have created a wealth of cross sections that are systemati-

cally benchmarked and validated by experimental measurements and informed by theoretical

approaches. The culmination of this body of work is evident from the substantial collaborative

efforts made to maintain and expand the online database LXCat [52, 72, 73], which hosts both

cross section and measured experimental values for use by the modelling community.

Several theoretical models for electron scattering cross section determination exist depending

on the energy regime of interest. For energies much larger than the impact ionisation energy,

methods such as the distorted-wave Born approximation and the independent-atom model

screening-corrected additivity rule are commonly used [74]. Below these energies, solutions

of the Schrödinger equation through grid-based techniques or close-coupling expansion is

required [74]. Particularly for low energies between 0eV and ionisation threshold however, these

solutions methods prove difficult and computationally expensive. In addition, the calculation for

complex molecular targets is currently limited due to computational limitations arising from the

number of atoms and the asymmetric nature of most molecules [75].

Experimental techniques ensure the validity of scattering theory in addition to providing a

tool for the derivation of that theory. Generally, there exist two main categories of experiments

relevant to low-energy electron scattering; swarm and beam experiments.

Beam experiments generally consist of an intersecting beam of electrons and gaseous targets

that are propelling through a vacuum chamber [44]. Figure 1.3 shows a simplified schematic

representation of a beam scattering experiment. Each electron then typically undergoes a single

scattering event before reaching a detector. The differential cross section is then proportional to

the scattered intensity for a particular scattering angle and energy. While in idealised conditions

the proportionality function is constant with respect to angle and energy [44], limitations in

experimental design and equipment results in a non-trivial functional dependence [76]. To avoid

this, a relative flow technique [76, 77] is utilised by determining the ratio of scattered intensities

between the target and a standard gas, along with prior knowledge of the differential cross

section for the standard gas. The relative flow technique thus requires that either the experimental

conditions for each gas are identical, or that any differences are accounted for [78].

Deriving the integral cross section requires the full angular domain of the differential cross

section to be defined. Measurements of the angular dependence of electron scattering in beam

experiments are often limited by both the physical dimensions of detectors and the electron beam

energy. To account for this, extrapolation of the scattering data is then required [44] which often

utilise theoretical scattering data [79], a complex phase-shift analysis technique [80–82] or a

non-linear least squares fit constrained by known properties of the gas. In addition to differential



and integral cross sections, total cross sections for a particular target can also be determined

through single collision beam experiments [83].

The characterisation of cross sections for each scattering process can prove troublesome

when similar energy loss thresholds exist for excitation collisions [44,84]. In the ideal case, once

the elastic differential cross section has been determined using the relative flow technique, the

excitation differential cross section can then be determined through the ratio between elastic and

excitation scattering intensities, which are found by measuring the energy dependence of the

scattering intensity. Energy thresholds that are similar, particularly in the case of vibrational

and rotational states, result in overlapping signals in the energy loss spectra. It then becomes

necessary to conduct a deconvolution procedure to determine the true scattering intensity for a

given process [44, 85].

As outlined previously, this work aims to investigate electron scattering from liquid targets.

However, liquid-phase targets are not stable under vacuum conditions due to their high vapor

pressures [26]. Over the last few decades, a new generation of photon scattering experiments

from liquid beams have been developed for this purpose. In their pioneering work in the 1970s,

Siegbahn and Siegbahn [86,87] developed a liquid jet, which provided a stable scattering surface

under vacuum, to measure binding energies in formamide (NOCNH2). Using a fast flowing

jet in combination with diameters in the order of millimeters, the authors found that laminar

Figure 1.3: A schematic representation of a simplified beam experiment. An electron gun is

used to scatter electrons from a column of gas molecules within a vacuum chamber. A detector

is then typically rotated around the gas beam to scan the scattered electron signal.
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flow can be achieved for a short distance before evaporating. Extending their work to high

vapour pressure liquids such as water, Faubel et al. [26] reduced the jet to micrometer diameters

to study the evaporation of water molecules. Since then, the so-called liquid micro-jet (LμJ)

has be used to study a variety of targets through photoemission [33], photoelectron [88] and

photoabsorption [89] techniques. Despite the use of LμJs in a broad range of studies of photon

scattering, the direct measurement of electron scattering from a LμJ surface has yet to be studied.

The other main category of electron scattering experiments are swarm experiments, which

operate in the ‘swarm regime’. In this regime, the density of electrons are sufficiently small

so as to have a negligible influence on the external electric field and other electrons within

the swarm [90]. Generally, while a variety of configurations exist [91–97], an electric field is

used to transition a swarm of electrons from thermal equilibrium and into a quasi-steady state

in which energy losses from scattering events balance out the energy input from the electric

field. A simplified schematic diagram is shown in Figure 1.4. From this state, measurements

of different transport coefficients such as drift velocity and diffusion coefficients are made that

describe the motion of the electron swarm. Each of these quantities can be derived through the

phase-space distribution function from solutions of Boltzmann’s equation using cross section

data as an input. One can then evaluate the validity of a cross section set through a comparison

of calculated and experimental transport coefficients. In addition, by varying the electric field,

swarm measurements indirectly probe the energy dependence of electron scattering cross sections,

which can be utilised to ‘unfold’ or extract complete cross section sets, or to validate sets derived

by other methods [44].

The derivation of cross sections from transport coefficients measured across a range of

electric fields is commonly known as the inverse swarm problem [1]. The presence of multiple

Figure 1.4: A schematic representation of a pulsed Townsend experiment. Two electrodes are

mounted a distance, d, apart within a vacuum chamber. A high voltage source is connected to the

cathode side with Rd and C serving to decouple the high voltage source from the signal circuit.

An ultra-violet laser beam is broadened through a beam expander (BE) before impacting the

photocathode and releasing electrons. Attached to the anode is a transimpedance amplifier or

variable gain G and a scope to measure the displacement current [97].
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scattering processes that exhibit similar properties, such as low threshold excitation collisions,

can result in multiple complete cross-section sets that produce similar transport coefficients,

rendering the problem ill-posed in nature [47, 98]. Considering this, there exists two prominent

methods to derive or improve cross section sets; the iterative swarm technique and deep learning

approaches.

The iterative swarm technique utilises an initial approximation of the cross section set and

iteratively modifies the set to match experimental transport coefficients [45, 99–104]. This

process can be computationally expensive and relies upon the intuition and experience of an

expert, which can results in a tedious method and that is difficult to reproduce.

In the early 1990s, Morgan et al. [46] demonstrated a solution to the inverse swarm problem

through an Artificial Neural Network trained on example cross sections and their associated

transport coefficients. Recently, Stokes et al. [47] revisited the problem to leverage existing cross

sections available on the online database LXCat [52,72,73] and advances in computational power

and techniques to reduce the ill-posed nature of the inverse swarm problem. Jetly et al. [105]

also used similar techniques to evaluate the possible improvements offered by select network

architectures. To date, ANNs have been shown to aid in the development of cross section sets

either through the perturbation of existing cross-section sets, or the derivation of a select few

within the set [1, 106, 107]. However, the derivation of full cross-section sets remains elusive as

the network is unable to reliably represent the ill-posed nature of the relation between transport

coefficients and cross section sets.

In summary, the union of direct measurements from beam experiments, indirect measure-

ments from swarm experiments, the iterative swarm technique and ANNs, forms a broad and

powerful foundation for the derivation of accurate and complete cross section sets. In this work,

we identify two main limitations of these techniques and present two phases of work that aim to

address each limitation.

1.3 Structure of the thesis

The first phase of this work is motivated by the need to further our understanding of electron-

liquid scattering dynamics. In partnership with Flinder’s University, we present a new electron

scattering vacuum chamber that utilises a LμJ designed by Advanced Microfluidic Systems

GmbH [108]. The extension to direct electron scattering will provide further insights into the

complex nature of electron scattering from molecular liquids. To achieve this, we develop a

Monte Carlo simulation package to investigate the feasibility of using the experiment to inform

the derivation of electron-liquid cross sections. In addition, we utilise the simulation to aid in the

experimental design before conducting initial measurements of electron scattering through liquid

H2O at Flinder’s University. Finally, we compare the measurements to simulated data using an



existing cross section set for H2O.

The second branch of this work aims to improve and extend the existing ANN technique for

solving the inverse swarm problem in order to broaden its application to increasingly complex

molecular targets. We first demonstrate the limitations of the existing method and present

extensions to the method to aid in reducing the ill-posed nature of the problem. Finally, we use

the improved method to attempt to derive a complete cross-section set for HFO1234ze-E.

The scope of this thesis can be summarised by the following:

1. The development of a Monte Carlo simulation of non-equilibrium electron transport

through gaseous and liquid environments with arbitrary boundary conditions.

2. Conducting a feasibility study of using deep learning to aid in the determination of electron-

liquid scattering cross sections from a simulation electron-liquid micro-jet experiment.

3. Utilising the Monte Carlo simulation to inform the construction and design of the liquid

micro-jet experiment.

4. Assembling the electron-liquid micro-jet experiment at Flinders University and presenting

initial measurements of the electron signal as a function of energy loss and angle.

5. Improving upon the deep learning technique for determining scattering cross sections from

transport coefficients in complex and ill-posed scenarios.

6. Applying the developed deep learning technique to the determination of electron scattering

cross sections for HFO1234ze(E).

In Chapter 2, a Monte Carlo simulation of electron transport through a liquid micro-jet is

detailed. The simulation is then used to generate training data for a neural network to investigate

the feasibility of determining electron-liquid scattering cross sections from electron energy

loss spectra measured from the liquid micro-jet. Chapter 3 details the construction of a new

liquid micro-jet scattering experiment at Flinders University. Along with presenting some

initial measurements from the experiment, the Monte Carlo simulation is also used to develop

an understanding of its underlying mechanics and interpretation of the resulting energy loss

functions.

In Chapter 4, a new deep learning technique is proposed that uses an iterative procedure along

with a modified network architecture to determine cross sections from transport coefficients

in highly ill-posed scenarios. To demonstrate the technique, we present a case study in which

the cross-section set for electron scattering from methane is determined while only assuming

knowledge of the energy loss thresholds. Following this in Chapter 5, we attempt the derivation

of HFO1234ze(E)’s electron scattering cross section set using the proposed iterative technique.

In Chapter 6 we summarise the thesis and propose future work to extend and improve upon

the work conducted here.







Chapter 2

Simulating the feasibility of using liquid
micro-jets for determining electron–liquid
scattering cross sections

This chapter includes the following publication:

[2] D L Muccignat, P W Stokes, and R D White, Simulating the Feasibility of Using Liquid

Micro-Jets for Determining Electron–Liquid Scattering Cross sections, International Journal of

Molecular Sciences, 6, 23, 2022

Electron motion through molecular liquid environments poses a unique problem for both

electron scattering theory and experimental design. The work included in this chapter, and the

following chapter, was conducted to aid in the design of, and conduct initial measurements for, a

new electron-liquid scattering experiment that has been constructed in partnership with Flinders

University.

In this chapter, we utilise and extend a Monte Carlo simulation package developed in previous

work [109] to conduct a feasability study for the proposed experiment. The primary goal of

this work was to determine the potential of measurements from such an experiment to inform

electron-liquid scattering theory. The limitations of the experiment’s design was also investigated

by varying the simulated design and measurement uncertainties.

This chapter includes deep learning that was primarily conducted by P. W. Stokes. All other

work described in this chapter is my own.

2.1 Introduction

The interaction of a low-temperature plasma with liquids is fundamental for numerous new

and emerging technologies, finding applications in important domains, including environmental

15
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remediation, and the synthesis of nanomaterials and medicine [110–118]. The goal of high-

level optimisation, of the efficacy and selectivity, of these and future generation plasma–liquid

applications depends on, among other things, a detailed understanding of the underlying fun-

damental nanoscale physics and associated predictive modelling, underpinned by accurate and

complete transport theory and cross sections. The key driver to these applications is the role of

electrons (and other radical species) at the plasma–liquid interface, but despite their central role,

electron-induced transport and processes at the interface are not well understood [11].

Developing our understanding of electron transport into and within liquids is critical for

enhancing the predictive power of plasma–liquid models. Fundamental to transport theory, which

governs the motion of electrons into and within such environments, are complete and accurate

sets of electron impact cross sections. While there is a wealth of knowledge of electron impact

cross sections in the gas phase (e.g., databases such as LXCat [52,72]), the same is not true for the

liquid environments. The scattering and transport theory of pre-solvated electrons in non-polar

liquids is reaching some level of maturity (see the ab initio treatment by the authors [24, 25]),

however this is not the case for polar liquids. An existing Monte Carlo simulation of low-energy

electrons in liquid water [119] ignored many physical processes, that are relevant to developing

appropriate scattering theory. Furthermore, current models use cross sections calculated in the

gas phase, or through electron reflection measurements from amorphous ice [22]. The absence

of liquid phase data represents a large knowledge gap in the literature, and experiments proposed

in this manuscript aim to address, at least in part, this knowledge gap.

Here, we propose a new experimental technique that extends gas phase beam experiment

methodologies [44] to include electron scattering from liquid surfaces, through the use of liquid

micro-jets (LμJs). A constant replenishment of liquid, a small surface area, and a laminar flow

enable the scattering of particles from a smooth and stable liquid surface, whilst operating in

a vacuum environment. Until now, LμJ investigations have focused primarily on photon and

photoelectron scattering [31, 35, 39, 120–129]. In this work, we introduce electron scattering

from LμJs and investigate the feasibility of developing effective electron–liquid cross sections

from the measured electron energy loss spectra (EELS). Unlike gas phase experiments, which

are designed to ensure single scattering processes only, the proposed experiment is necessarily

multi-scattering, with electrons being scattered from the surface and bulk atoms/molecules. The

connection of this with traditional (multiple collision) swarm experiments [92, 130–132] is thus

clear.

Swarm experiments have proven to be critical in the development of accurate cross section

sets [44]. In electron swarm experiments, electrons are driven through a gaseous (or liquid)

medium by an applied electric field, and macroscopic descriptors such as current, drift velocity,

and diffusion coefficients are determined. Simulation techniques then evaluate the accuracy and

self-consistency of the cross section sets through comparisons of the transport coefficients. The
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same techniques can be used, in principle, to iteratively improve or develop cross section sets

[133–138], although the question of degeneracy in the cross section set remains open, and other

means are usually required to minimise this. Recent studies have shown promising applications

of neural networks (NN), toward improving cross section sets through swarm transport data

[1, 47, 105–107, 139]. Utilising a similar NN methodology, along with energy loss spectra from

a LμJ experiment, we propose the generation of cross section sets for electrons within a liquid

environment. To facilitate this, a benchmarked Monte Carlo simulation technique, for simulating

electron transport in liquid environments [140], has been developed and implemented for this

study, with extensions to calculate EELS arising from the scattering of electrons from an LμJ.

The paper is organised as follows. In Section 2.2, we provide a summary of LμJs and their

implementation in the proposed experiment. In Section 2.3, we outline the Monte Carlo (MC)

simulation method utilised here and discuss the characterisation of bulk liquid and interfacial

effects. The characteristic signatures of the various multiple scattering elements on the EELS

are also discussed. In Section 2.5, we use the developed Monte Carlo software to train a neural

network to predict neon’s elastic and ionisation cross sections as a proof-of-concept. Finally, in

Section 2.6, we provide some concluding premarks.

2.2 The proposed electron–liquid micro-jet scattering experi-

ment

2.2.1 Liquid micro-jets

Liquid micro-jets were first developed to overcome the limitations of probing liquids under

vacuum conditions, which are often required by scattering experiments [86]. Due to the high

vapour pressures found in liquids, additional treatment is required to ensure a stable surface

within vacuum conditions, and hence the developments of the liquid jets. In our proposed

experiment, a replenishing and sufficiently thin liquid source, exhibiting laminar flow, facilitates

a smooth and stable scattering surface within a vacuum environment [26].

Siegbahn and Siegbahn [86] first utilised a replenishing 0.2mm diameter liquid jet, and

scattered electrons from that source to measure binding energies in formamide (HOCNH2). In

vacuo experiments were initially limited to low vapour pressure liquids, to avoid immediate

freezing and/or evaporation. For high vapour pressure liquids such as water, a further reduction

of exposed surface area is required to maintain a free vacuum surface [121]. To this end,

significantly smaller (∼10μm) liquid micro-jets were first developed to measure the velocity

distributions of vapour molecules, while ensuring inter-molecular collisions were minimised [26].

Extending this, a focusing gas surrounding the nozzle was implemented to increase the length

and decrease the diameter of the jet substantially [141–143]. Flat LμJs were also developed



18

CHAPTER 2. SIMULATING THE FEASIBILITY OF USING LIQUID MICRO-JETS FOR
DETERMINING ELECTRON–LIQUID SCATTERING CROSS SECTIONS

from the collision of two micro-jets, which results in a sheet-like scattering surface [144].

Additionally, cryogenic jet systems enable the use of super-cooled liquids with jet diameters

reaching 1 μm [145, 146]. It is clear that a wide array of configurations are achievable, and can

be tailored towards the desired experiment.

Until now, applications of the aforementioned LμJ designs include an array of photoelectron

spectroscopy experiments, to measure properties such as binding energies and hydrogen bonding

[31, 35, 39, 120–129]. Other LμJ experiments include mass spectrometry [147], enhanced X-ray

production [148–151], X-ray emission/absorption, to probe electronic structure and molecule

orientation [152–154], to study the molecular dynamics of evaporation [155], electrokinetic

power generation [156, 157], and drug delivery alternatives [158]. For further general reading,

one is directed to the summary papers cited here [33, 38, 124].

Scattering simulations, such as the MC code developed at James Cook University, rely on the

characterisation of the LμJ features. Liquid dynamics studies of LμJs found jet length stability

on the order of millimetres. In one study [159], source widths of 10, 20 and 50μm, along with

velocities ranging between 25 and 150ms−1, were trialled for each diameter. A limited laminar

flow was achieved with jet lengths between 1 and 15mm. After emergence from a circular nozzle,

the jet undergoes contraction to a final cross sectional size due to surface tension forces [160].

Typical contraction values were found to range between 90% and 60% [159] of the original

source width, after which capillary forces break the jet into droplets through a tendency to try

and reduce surface energy [160].

Within the liquid, charge build-up, and the existence of a streaming potential, due to elec-

trokinetic charging, can hinder the accurate simulation of charged particle transport. A streaming

potential is produced when a pressurised liquid is forced through the nozzle, which disrupts

the electric double layer created between the liquid and the inner wall of the nozzle [161, 162].

For liquid water, the magnitude of this streaming potential exceeds 60V depending on the jet

velocity and diameter [31, 162]. The addition of an electrolyte has since been shown to minimise

this effect [162]. Additionally, the production of electrons within an insulating medium such as

water will produce a current and subsequent surface potential [33]. The magnitude of this effect

will depend on the application and relevant time scales.

2.2.2 Crossed-beam electron scattering from liquid micro-jets

In our proposed experimental work, we will extend existing crossed-beam methodologies from

gas to liquid environments, utilising liquid micro-jets to measure differential electron energy

loss spectra (EELS), as shown schematically in Figure 2.1. The liquid would be propelled into

a vacuum environment through a 15μm circular nozzle to produce a continuous, stable, and

smooth scattering surface. In this work, we assume that the jet diameter is the same as the nozzle

diameter. As noted previously, this jet remains stable for several millimetres before decaying
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into droplets. Evaporation at the surface and the tapering of the jet’s diameter are neglected in

the current work, as the characterisation of such parameters was not available, and their effects

on the model are expected to be minimal. Electrons, sourced through thermionic emission from

a tungsten filament, and collimated and transported by a series of DC-potential elements, are

then propelled through the vacuum normal to the jet’s direction, to undergo multiple surface

and bulk scattering events before escaping (and being collected by one or more detectors) or

solvating within the liquid. For the foreshadowed work, an electron source with an energy full

width at half maximum (FWHM) of 0.5eV will be used [163].

Once an electron escapes the jet, a scattered electron detector will resolve both its energy,

ε , and scattering angle, χ , with a resolution of 0.8eV (FWHM) and 1◦, respectively [163].

Liquid
Jet

Electron
Source

Detection
Ring

Scattered
Electron

Vacuum

D

Figure 2.1: Diagram of crossed-beam electron scattering from a liquid micro-jet. The liquid is

propelled into the page, while detectors are positioned normal to the liquid surface.
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Through the detection of both the energy and angular dependencies, EELS provides a high

degree of insight into the underlying electron scattering cross sections and their associated

dynamics. This combination of the electron gun and scattered electron detector provides a

combined energy resolution of 0.9eV. We note that, with crossed-beam experiments, some

restrictions will inevitably be placed on the available detection angles. This is simply due to

the physical size of the electron source, the electron detector(s), and LμJ. Additionally, while

an angle-resolved EELS provides sufficient information for the derivation of differential cross

sections within the gas phase, multiple scattering effects in liquids present significant challenges

when deconstructing EELS into complete (differential) cross section sets due to the high degrees

of convolution arising. The extent of this convolution is investigated, in part, in Appendix 2.4.

2.2.3 Extraction of cross section sets from EELS

The derivation of cross sections from a reflected EELS measurement is akin to the ‘Inverse Milne

Problem’, which consists of deriving the reflected EELS from a ‘half-plane’ medium, of finite

or infinite depth from z = 0 to z = L (where L is the half-plane depth), and extends to infinity

in all other directions [164]. Outside the half-plane, a vacuum exists from which particles are

propelled into the half-plane. The presence of high multiple-scattering at large L, relative to the

scattering length, results in a complex combinatorial problem with a restricted set of observables,

thanks to a reliance on external measurements [164].

The vast majority of treatments involve energy-independent radiative transfer [164, 165]

and neutron scattering [166, 167]. The inclusion of energy dependencies was conceptually

treated [168], with strict delta function requirements placed on both the source and detector, in

order to derive total and differential cross sections. In other studies, sufficiently thin (10–100nm)

solid films were used to derive surface and bulk inelastic mean free paths [169–171], assuming a

knowledge of the elastic cross section. Likewise, cross sections for amorphous ice films were

derived under a two-stream assumption, along with a variation of film thickness between 0 and

5.456nm [22, 172, 173]. While the extension of these techniques towards LμJs may be feasible,

other indirect approaches, such as Monte Carlo simulations, together with machine learning,

could simplify the methodology significantly.

In multiple studies [1, 47, 105, 106, 139], machine learning was applied to the inversion of

transport coefficients found through swarm experiments. While swarm transport coefficient

measurements differ in nature to EELS, they each represent an ill-posed inversion problem

associated with high degrees of multiple scattering. An extension of the current methodology

towards liquid phase EELS requires a sufficiently large training dataset, which is facilitated

through a highly configurable non-equilibrium Monte Carlo simulation of electron transport

developed for this project. In this study, we thus seek an implicit cross section extraction

technique utilising a neural network trained through Monte Carlo simulations of an LμJ. In what
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follows, we outline the Monte Carlo simulation employed, and its application to the proposed LμJ

measurements, before applying machine learning to this ill-posed inverse problem of determining

cross sections from LμJ-measured EELS.

2.3 Simulation of electron transport through liquid micro-jets

Machine learning requires a substantial volume of training data to ensure a robust fitting process.

To generate these data efficiently, a Monte Carlo simulation method was developed. Monte

Carlo (MC) simulations provide flexible environments in which the manipulation of spatial and

temporal parameters is both efficient and straightforward. LμJs inherently require specific and

precise spatial variation in terms of the neutral density, and hence, an MC simulation is well

suited for the task. The simulation technique is discussed in detail in [140], hence, here, we

detail its application to LμJs, while a section of benchmark results is presented in Appendix A.1.

2.3.1 Liquid dynamics

Relatively low-density gaseous environments involve an inherent assumption that each scattering

event involves instantaneous localised interactions. In liquid environments, however, the de

Broglie wavelength of the electron can be smaller than, or of the same order as, the inter-particle

spacing and the mean free path, which necessitates modified coherent collision dynamics. To

account for coherent scattering, a new method was recently developed which incorporated a

structure factor modified cross section [140]. Through this, the macroscopic effects of coherent

scattering are realised, while retaining the efficiency of effective single particle scattering events.

Therefore, the relative simplicity of modelling single particle-particle collisions is maintained,

while replicating the macroscopic effects of multiple scattering. Through an integral structure

factor [140, 174], elastic collisions are split into three collisional processes, which are weighted

by an angle-integrated structure factor, Γ(ε), produced through either theoretical or independent

experimental techniques.

As a result of these microscopic processes, electron scattering through liquids is accurately

simulated, given an appropriate structure factor. For real systems, experimentally measured

structure factors are available through X-ray or neutron scattering [175–177]. While its func-

tional form will vary, the methodology remains the same. Previously [140], it was shown that

these processes match the required momentum and energy transfers derived using Boltzmann’s

equation [140]. While isotropic scattering was assumed, the proof of principle was extended by

the present authors to show its validity for the use of differential cross sections. In the current

work, we investigate structure effects upon measured spectra, while its implementation in our

machine learning model is left for future study.
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2.3.2 Interfacial dynamics

In addition to liquid dynamics, interfacial effects must be considered in the simulation of LμJs.

A recent study investigated density-dependent inter-facial effects on electron transport [178].

Due to a change in de-localised electron energy across the interface, a density-dependent (n0),

and hence spatially-dependent potential V0 (n0 (�r)), exists, which produces an effective electric

field E0 (r̃) = −∇V0 (�r). A spatial density dependency was thus implemented within the MC

simulation, along with the resulting potential, and hence electric field. In that study [178], it

was found that a discrete change in density, and hence potential, did not significantly change the

path and associated transport dynamics of such particles when compared to a realistic functional

form, which in addition to computational considerations, motivated the use of a step function

form for the change in density in the current work. Additionally, any variation in the potential

resulting from the density change is left for future extensions of this work.

2.3.3 Experimental parameters

Under realistic experimental conditions, detector resolutions and uncertainties will impact the

prominence of correlations between EELS and their corresponding cross sections. A critical

factor for extracting important information is the experimental energy resolution of both the

electron source and detector. In the models discussed above, an approximation to the energy

spread of the electron source was incorporated by sampling a Gaussian distribution of FWHM

of 0.5eV. In Figure 2.2, an experimentally feasible combined EELS energy resolution of

0.9eV [163], which is incorporated into the simulations in what follows in Section 2.5, alongside

a hypothetical resolution of 0.1eV, are shown for comparison. Distinct information loss occurs

in the 0.9eV energy-resolved spectra, for inelastic peaks with similar threshold energies, when

compared to the 0.1eV spectra. This clearly indicates that the foreshadowed experimental

measurements should be conducted with as narrow an energy resolution as possible.
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Figure 2.2: An example EELS comparison between a 0.1eV energy resolution (a) and a 0.9eV

energy resolution (b), for an initial electron energy of 50eV scattering from neon [179]. Signifi-

cant information is lost at 0.9eV, especially when the peaks are in close proximity.
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2.3.4 Liquid micro-jet parameters

To develop training data, simulated electrons were scattered through a cylindrical liquid micro-jet

using the benchmarked MC simulation. Each electron, with initial energy ε0, was fired along the

z-axis towards a 15μm jet, which was directed along the x-axis. It was assumed that the motion

of the jet (∼100ms−1) has a negligible effect on the measured EELS, as deflection angles were

measured within the z-y plane and integrated over the x-axis.

Scattered electrons are detected once they reach a radial distance sufficiently far from the jet,

such that the angle measured was relative to the jet’s centre in the z-y plane. The EELS was then

integrated over the x-axis, such that there existed a (χ,ε) dependence, where ε is the electron’s

final energy, before integrating over χ . Each electron was simulated until it was detected, or

until it lost sufficient energy, such that the probability of escape was negligible.

As a proof-of-concept for this work, we assume that the jet is gaseous neon at a liquid density

of 2.13×1028 m−3, and at a temperature of 0K. Based on the proposed experiment [163], the

energy variance of the initial electrons was sampled from a Gaussian with an FWHM of 0.5eV,

centred around the initial energy ε0, while its spatial extent was assumed to be a delta function

directed along the surface normal. This serves as a first approximation to the experimental work,

where there will be an electron beam, with a finite diameter of 1mm, incident on the LμJ.

2.4 Electron energy loss spectra: sensitivity to the scattering

dynamics and experimental parameters

In this study we seek an implicit relationship between the EELS and its underlying cross section

set through the use of demonstrative cross section sets. In what follows we now systematically

investigate the ramifications of individual changes to the cross section sets upon the EELS. For

the conditions under investigation, no electron transmission through the beam of 15μm was

observed.

2.4.1 Magnitude and energy dependence of elastic and excitation cross
sections on the EELS

Effect of the elastic cross section dependence on the EELS

In order to de-convolute features present within the EELS and their relationship with the

underlying cross section set, each parameter within the model was isolated and tested for its

effect upon the EELS. The first model considered was a constant elastic cross section:

σelastic = σ0 Å
2
,
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where σ0 was varied to determine the impact of the cross section magnitude on the simulated

EELS. As expected, an invariance with respect to magnitude was observed as no transmission

occurred and thus cross section magnitude changes will scale the problem without affecting the

reflected intensities. The second elastic model considers the effect of the energy dependence

of the cross section. Specifically, in Figure 2.3 we compare the effect of various power laws,

through the elastic only model:

σelastic = ε l Å
2
, (2.1)

where ε is energy in eV and l is varied in accordance with the legend of Figure 2.3. Each

spectrum showed an invariance with respect to the power law at low energy losses, and exhibited

intensity decay rates at higher energy loss that were dependent upon the power law used. The

magnitude of this effect depends on the energy dependence of the cross section’s derivative, and

gradual changes were found to have a minimal impact upon the spectra.

To explain this physically, one can imagine the swarm of electrons as an expanding sphere in

Cartesian space. Figure 2.4 shows the electron swarm within the jet at time 2.83×10−11 s after

impact with a LμJ for l ∈ [−1,0,1]. A constant mean free path with energy loss (l = 0) results in

considerable back scattering after jet surface impact, and the remaining electron cloud travels

further inward with a constant expansion rate. Nothing inherently changes during their flight and

the back-scattering flux is proportional to the number of remaining electrons within the jet. A

decreasing mean free path with energy loss (l =−1) results in a diminishing rate of expansion,

that results in a relatively smaller back-scattered intensity. In contrast to this, an increasing mean

free path with energy loss (l = 1) accelerates the rate of expansion, resulting in an increased

likelihood of back scattering out of the jet.
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Figure 2.3: Electron Energy Loss Spectra (a), and their corresponding elastic cross sections (b),

for various power laws (see legend of (a)). An initial energy of 50eV was used. Each spectrum

initially remains the same between each power law, before a divergence is observed at higher

energy loss. Each spectrum for a single cross section remains independent of the cross section

magnitude; however evident here is a dependence upon each cross section derivative.
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Effect of the excitation cross section dependence on the EELS

Excitation cross sections are introduced through the model:

σelastic = 10Å
2
,

σexcitaiton =

⎧⎨
⎩0, ε < 5eV

σ0 Å
2
, ε > 5eV

,

where σ0 is varied to investigate the relative elastic/excitation cross section magnitudes and their

effects on the EELS. As shown in Figure 2.5, it is clear that the intensity peak at 0eV energy

loss is proportional to the elastic cross section. Inelastic peaks are then observed at intervals

equal to the 5eV threshold energy. Once the energy of the electrons falls below that threshold,

energy loss is minimal due to the restriction to elastic collisions. This results in a high energy

loss peak that is proportional to the elastic mean free path. Additionally, as the inelastic cross

section magnitude increases, the below threshold peak at 45eV energy loss also increases due to

an increased energy loss rate. Note that while the initial energy in all cases is sampled from a

Gaussian, energy loss is defined as the difference between the average initial energy and final

energy, which can result in an apparent negative energy loss in some cases.

As expected, the relative elastic/excitation cross section magnitude is correlated with each

peak found in the EELS. As shown previously, in a single collision regime and within an ideal

environment, direct relationships exist between the two quantities. However, the introduction of

multiple scattering convolutes their dependence. While a clear trend also exists here, excitation
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Figure 2.4: Heatmap of the electron cloud at 2.83×10−11 s after impact, with the LμJ surface for

l =−1 (a), l = 0 (b) and l = 1 (c) according to Equation (2.1). For this model, 107 1eV electrons

were simulated through a 15μm LμJ with the jet directed into the page. The electron counts for

each corresponding depth and horizontal displacement were then recorded. A log10 transform

of non-zero values was then performed for visualisation purposes. Initially, in each scenario,

the elastic cross section is equal due to the initial energy of 1eV. In (a), the electron swarm

loses energy through collisions with the background gas and experiences an increasing cross

section (decreasing mean free path) with energy loss, which results in a decreased expansion of

the electron swarm. In (b), the electron swarm experiences a constant cross section (constant

mean free path) with energy loss, which results in a steady expansion of the electron swarm.

Finally, in (c), the electron swarm experiences a decreasing cross section (increasing mean free

path) with energy loss, which results in an increased expansion of the electron swarm.
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processes within a multiple scattering environment introduce peak dependencies upon relative

cross section magnitudes at multiple energies and results in a large combinatorial problem.

Shown in Figure 2.6, we expand the previous model to include energy dependencies with

multiple cross sections through the following model:

σelastic = εx Å
2
,

σinelastic =

⎧⎨
⎩0, ε < 5eV

εx Å
2
, ε > 5eV

,

where x is varied according to the legend of Figure 2.6. No change in the elastic peak at 0eV is

observed, however each subsequent peak decays at a rate dependent upon the power law used.

For comparison, integration over the fitted exponential modified Gaussians for each peak are

shown in the right hand graph of Figure 2.6 (note that for x =−1, the 40eV peak was not found

by the fitting algorithm). In contrast to the single elastic cross section result outlined in Appendix

2.4.1, a distinct correlation was found. The introduction of an inelastic process dramatically

Figure 2.5: EELS for elastic and a single inelastic cross section, with varying relative magnitude.

An initial energy of 50eV was used, with an inelastic threshold of 5eV. The inelastic cross

section magnitude is shown in the legend. At 0eV energy loss an elastic peak exists, followed by

threshold separated sequential inelastic peaks. Additionally, after 45eV of energy loss, electrons

exclusively undergo elastic collisions which results in an increased intensity due to their minimal

energy loss. Evident in this figure is a relative elastic to inelastic ratio dependence of the EELS

upon the relative magnitude of the respective cross sections.
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increases the energy loss rate, which in turn will amplify the effects of an energy-dependent

cross section. A direct relationship remains convoluted, however, as the magnitude and energy

dependence of the individual cross sections, within a given cross section set, will vary, resulting

in significant degeneracy issues.

Of particular interest is the below threshold peak at 45eV in the EELS. Here it was found that

while their areas remain relatively constant, there exists a relationship between their asymmetric

nature and the power law used. The exact nature of the relationship depends upon each cross

section’s, and hence mean free path’s, derivative with respect to energy. As discussed in Appendix

2.4.1, when compared to scattering with a constant mean free path, an increasing mean free

path with each subsequent collision increases the expansion rate for the electron swarm due

to the reduced collisional impediment, resulting in a larger scattered intensity. As the swarm

falls below the threshold energies, where energy loss is minimal, fewer electrons remain in the

liquid when compared with the result for the constant mean free path model and thus a decreased

scattered intensity was observed. A decreasing mean free path with energy loss slows the rate

at which the swarm expands, which results in a reduced intensity when compared to a constant

mean free path. As the mean free path decreases even further at lower energies, the probability

of escape reduces even further, which effectively traps the electron swarm within the liquid.

Effect of the ionisation cross section dependence on the EELS

To investigate ionisation collisions, and their effect upon the EELS, the following model was

used:

σelastic = 1Å
2
,

σionisation =

⎧⎨
⎩0, ε < 25eV

1Å
2
, ε > 25eV

,
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Figure 2.6: Simulated EELS (a), and area under each peak (b), as a function of the electron

energy loss for a single elastic and inelastic cross section, but both now with an equal power law

functional form defined by the legend in (b). A distinct trend is observed, where the power law

is proportional to the each cross section’s slope.
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with varying ionisation energy-sharing profiles between the primary and secondary electrons

as shown in Figure 2.7. At this point, it is important to consider the effects of fractional energy

loss on the multiple scattering features of the EELS. Energy loss is largely driven by threshold

excitations, energy partitioning losses (i.e., distribution of the excess energy between the scattered

and ejected electrons) and kinetic energy exchange between the target and the electron (see

Equation (A.12)). Energy exchange losses are proportional to the incident energy of the electron

(and the mass ratio with the target atom/molecules), and result in a narrowing of the features

(i.e., a reduction in average energy loss) at low energies.

While excitation collisions introduce relatively simple peaks within the spectra, ionisation

collisions introduce unique features depending upon the energy-sharing profile between the

primary and secondary electrons. Four model scenarios were considered (see Figure 2.7; equal,

biased, uniform and skewed sharing). Equal energy sharing (i.e., a 50–50% energy partition)

between the primary and secondary electrons resulted in a single peak at an energy loss of the

ionisation threshold plus half the ionisation threshold energy. Once below the energy threshold,

electrons undergo elastic collisions at minimal energy loss resulting in a relatively large ionisation

peak. Biased energy sharing was represented through a 90–10% sharing partition, resulting

in separate peaks that exhibit broadening due to energy exchange losses. While the observed

amplitudes and full width half maximums vary according to the aforementioned narrowing effect,

the total peak area was equal in accordance with the equal cross sectional magnitudes used (see

Figure 2.7).

As expected, a uniform probability of all sharing ratios resulted in a shoulder beginning at

the ionisation threshold energy loss. A gradual increase was observed in the shoulder intensity

once again, due to the energy exchange losses discussed above. Finally, a normalised exponential

cumulative distribution function was utilised to emulate a skewed energy sharing distribution for

the ionisation process. A semi-symmetric saddle shape was observed, with an asymmetry again

driven through energy exchange losses.

2.4.2 Anisotropy in the scattering dynamics

Coherent scattering effects

As discussed previously, modelling coherent scattering in liquid environments was achieved

through the addition of liquid structure factors [140, 174]. Figure 2.8 compares how those

coherent liquid scattering structure factors affect the present EELS utilising the model:

σelastic = 6Å
2
,

σinelastic =

⎧⎨
⎩0, ε < 2eV

0.1Å
2
, ε > 2eV

,



2.4. ELECTRON ENERGY LOSS SPECTRA: SENSITIVITY TO THE SCATTERING DYNAMICS
AND EXPERIMENTAL PARAMETERS 29

with the Percus-Yevick structure factor [140]. Coherent scattering effects are isolated to the low

energy regime (< 5eV), and hence its effects were limited outside that range. At low energies,

electrons tend to coherently scatter through multiple targets, with little angle change, and hence

will travel further in a particular direction when compared to isotropic scattering binary collisions.

It was found that initial energies below 5eV resulted in a decreased surface scattering intensity,

due to enhanced forward scattering. Multiple scattering then randomises the preferred direction,

such that the swarm will expand in size faster than the isotropic equivalent, which resulted in an

increased intensity observed at the higher energy loss.

Differential cross section effects

Anisotropic scattering was included through a differential cross section (DCS) in the following

model scenario:

σelastic = 6Å
2
,

σinelastic =

⎧⎨
⎩0, ε < 2eV

0.1Å
2
, ε > 2eV

,
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Figure 2.7: EELS for an elastic scattering and ionisation model. Initial energy was set to 50eV,

with an ionisation threshold of 25eV. The energy sharing ratios, between the primary and

secondary electrons, were set to 50–50% (a), 90–10% (b), uniformly randomised (c), and skewed

randomisation in accordance to a normalised exponential cumulative distribution function (d).
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where varying degrees of forward scattering were considered and represented through a nor-

malised powers of the cosχ function, where χ is relative to the incident direction of motion.

Each modified DCS was applied to both the elastic and inelastic cross sections.

Similar to coherent scattering effects, an initial decrease in intensity at 0eV energy loss was

observed in Figure 2.9 along with an increased signal at higher energy loss that is proportional

to the degree of forward scattering. The explanation of that latter observation is the same as in

Appendix 2.4.2, except now it is applicable to all incident energies.

2.5 Determining cross sections from electron energy loss spec-

tra using machine learning

Through a sensitivity analysis, which is presented in Appendix 2.4, we show that there exists a

highly complex and degenerate correlation between the energy loss spectra and their underlying

cross sections. It was found that, while absolute magnitudes had little effect on the EELS, the

effects of both relative magnitudes and energy dependencies of the cross section were relatively

significant. Deriving cross section sets directly from EELS, without prior knowledge, is therefore

a formidable task.

In this section, we apply machine learning to this ill-posed inverse problem of determining

cross sections from LμJ-measured EELS. As a proof-of-concept, we initially consider the task of

determining electron–Ne cross sections from EELS that are calculated using our Monte Carlo

simulation. In what follows, we assume gas phase isotropic scattering, due to the present limited

availability of liquid phase electron scattering and differential cross sections, the inclusion of

which remains a critical step towards the determination of liquid phase electron cross sections.

We note that, given appropriate liquid phase test data, the methodology that we propose here
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Figure 2.8: An elastic and inelastic EELS, with the Percus-Yevick liquid structure factor result

(Black) compared with the equivalent gas phase result (Red). In each model, an inelastic

threshold of 2eV was used with incident energies of 5 eV (a), and 2.5eV (b). As coherent

scattering is predominantly restricted to low energies (< 5eV), its effects are minimal when the

incident energies exist outside that domain.
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could be used to produce effective liquid phase electron cross sections.

2.5.1 Machine learning methodology

To obtain a solution to the “inverse EELS problem”, we apply the same general machine learning

approach as proposed by Stokes et al. [1, 47, 106, 107], for the analysis of electron swarm

transport data, and utilise an artificial neural network of the form:

y(x) = (A4 ◦mish◦A3 ◦mish◦A2 ◦mish◦A1)(x) , (2.2)

where An (x)≡ Wnx+bn are affine mappings defined by dense weight matrices Wn and bias

vectors bn, and mish(x) = x tanh(ln(1+ ex)) is a nonlinear activation function [180] that is

applied element-wise. The output vector, y, contains each cross section of interest:

y =

⎡
⎢⎢⎣

σ1 (ε)
σ2 (ε)

...

⎤
⎥⎥⎦ , (2.3)

Figure 2.9: Elastic and inelastic EELS, with a varying differential cross section. An initial

energy of 10eV is used with an inelastic threshold of 2eV. Each DCS is represented using a

normalised power of cos(χ), as indicated in the legend. For higher degrees of forward scattering,

a decrease/increase was observed at lower/higher energy loss.
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all of which are a function of energy, ε , which becomes an input to the neural network alongside

the available EELS data:

x =

⎡
⎢⎢⎢⎢⎢⎣

ε
I1

I2

...

⎤
⎥⎥⎥⎥⎥⎦ , (2.4)

where I1, I2, . . . are the electron intensities accumulated in each of the considered EELS energy

bins. Note that we apply suitable logarithmic transformations to ensure that all inputs and outputs

of the network are dimensionless and lie within [−1,1]. In what immediately follows, we specify

that each bias vector contains 64 parameters, with the exception of b4, of which the size must

match the number of cross sections in y. The weight matrices are sized accordingly.

In order to train the neural network, Equation (2.2), we require an appropriate set of example

solutions to the inverse EELS problem. To ensure cross sections provided by the network are

physically plausible, we train on cross sections from the LXCat project [52, 72]. Specifically, we

train with cross sections of the form [1]:

σ (ε) = σ1−r
1

(
ε + ε1 − ε1−r

1 εr
2

)
σ r

2

(
ε + ε2 − ε1−r

1 εr
2

)
, (2.5)

where σ1 (ε) and σ2 (ε) are a random pair of LXCat electron scattering cross sections, sampled

from the available targets, of a given type (e.g., excitation, ionisation, etc.), r is a pseudo-random

number uniformly distributed between 0 and 1, and ε1 and ε2 are their respective threshold

energies. Once suitable cross sections are found for the training, corresponding LμJ EELS can

be determined using our Monte Carlo simulation. In total, we consider 10,000 such training

exemplars.

We implement and train the neural network, Equation (2.2), using the Flux.jl machine

learning framework [181]. The network is initialised such that its biases are zero and its weights

are uniform random numbers, as described by Glorot and Bengio [182]. Training is performed

using the AdaBelief optimiser [183] with Nesterov momentum [184, 185], step size α = 10−3,

exponential decay rates β1 = 0.9 and β2 = 0.999, and the small parameter ε = 10−8. At each

iteration, the optimiser is provided with a different batch of 4096 training examples, where each

batch consists of 32 training cross sections each evaluated at 128 random energies of the form

ε = 10s, where s ∈ [0,2] is sampled from a continuous uniform distribution. For each batch, the

optimiser adjusts the neural network weights and biases with the aim of further minimising the

mean absolute error in solving the inverse EELS problem for that batch. Training is continued

for 250,000 iterations, providing an equal number of potential solutions to the inverse problem.

We then select every 10 for the last 100,000 cross sections, and the quality of each of these

solutions is subsequently assessed by simulating their corresponding EELS and comparing those

to Ne’s EELS to find the ‘best’ regression.

--
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2.5.2 Cross section regression given the EELS

We now implement and train neural networks of the form of Equation (2.2), to determine a

selection of Ne’s cross sections given the corresponding EELS, while assuming full knowledge

of Ne’s remaining cross sections. In total, we use eleven EELS, corresponding to initial electron

energies of 100, 79.43, 63.1, 50.12, 39.81, 31.62, 25.12, 19.95, 15.85, 12.59, and 10.0eV.

In each spectra, a combined energy resolution of 0.9eV was assumed based on the detector

performance that we currently find at Flinders University. Additionally, for computational

considerations, each electron was simulated until 90% of its energy was lost. For the initial

energies considered, no electron was simulated below 1eV, and thus we restrict the prediction

domain to [1eV,100eV].

We first determine only Ne’s elastic momentum transfer cross section (MTCS) from the

considered EELS. Figure 2.10a shows a reasonable level of agreement between the elastic MTCS

for Ne [179] and those found by the neural network, with the best regression seen to be accurate

to within 9%. Figure 2.10b shows that, despite the large range in cross sections for the 100 best

regressions depicted in Figure 2.10a, the corresponding range of the EELS is much smaller, and

in good agreement with those for Ne. This highlights the nonuniqueness of the inverse EELS

problem, and suggests that there is not much room for improvement to the best cross section

fit plotted in Figure 2.10a unless; additional EELS were included, the energy resolution of the

spectra was improved, or additional information about the unknown cross sections was provided

as input to the network.

We follow the above by now simultaneously determining both the elastic MTCS and ion-
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Figure 2.10: Neural network regression of Ne’s elastic MTCS [179], (a), and the corresponding

agreement, (b), between its simulated EELS and the EELS used to perform the fit. The vertical

lines in (b) denote the initial energies for each of the eleven EELS considered (from 10 eV to

100 eV incident energy, inclusive). Additionally, a shaded area in (a), along with vertical error

bars in (b), are provided to indicate the range of the 100 best regressions. See also the figure

legend for further details, noting that black is used to represent each colour of that marker shape

and where colours correspond to each initial electron energies of 100, 79.43, 63.1, 50.12, 39.81,

31.62, 25.12, 19.95, 15.85, 12.59, and 10.0eV, indicated by vertical lines. In this model, a bias

vector size of 64 was used, along with 250,000 iterations.
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isation cross sections for Ne, using the same set of EELS. In this model, the bias vector was

increased to 128, while 300,000 iterations were performed. As expected, the uncertainty in the

elastic MTCS has increased here, with a larger elastic MTCS envelope found in Figure 2.11, with

the best regression seen to be accurate to within 18%. In contrast, the corresponding ionisation

cross section envelope is particularly small, with the best regression being accurate here to within

1%. We attribute this high accuracy to the prominent ionisation “shoulder” present in six out of

eleven of the EELS. Figure 2.11b shows that the corresponding EELS are now close in line with

those for Ne, despite having a range that is slightly larger than their counterparts in Figure 2.10b.

Using the MC simulation, every combination of the best 100 elastic and ionisation cross

section pairs was compared through their resulting EELS to find a further improved cross

section set. While the maximum error in the elastic MTCS fit increased to 20%, the average

error decreased resulting in a closer fit. For ionisation, the maximum error decreased to 0.2%,

which further emphasises the remarkable predictive capability of this model for ionisation cross

sections.

The extension of this methodology to include the prediction of excitation cross sections,

or more specifically, the simultaneous prediction of three or more cross sections, results in

a substantial decrease in accuracy within the current methodology. Thus, the simultaneous

prediction of elastic, ionisation, and excitation cross sections is left for future iterations of this

method, which should include advances in either the experimental resolution, or the fitting

process.

(a) (b)

Figure 2.11: Simultaneous neural network regression of Ne’s elastic MTCS and ionisation cross

sections [179], (a), and the corresponding agreement, (b), between its simulated EELS and the

EELS used to perform the fit. The vertical lines in (b) denote the initial energies for each of

the eleven EELS considered (from 10eV to 100eV incident energy, inclusive). Additionally,

a shaded area in (a), along with vertical error bars in (b), are provided to indicate the range

of the 100 best regressions. See also the figure legends for further details, noting that black is

used to represent each colour of that marker shape, where colours correspond to each initial

electron energy of 100, 79.43, 63.1, 50.12, 39.81, 31.62, 25.12, 19.95, 15.85, 12.59, and 10.0eV,

indicated by vertical lines. In this model, a bias vector size of 128 was used along with 300,000

iterations.
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2.6 Conclusion

We have developed a joint Monte Carlo and machine learning solution to the inverse Milne

problem, that extracts electron cross sections based on electron energy loss spectra from a

micro-jet of dense gas. Machine learning was conducted using similar techniques outlined in

the literature [1, 47, 106, 107], while a new Monte Carlo simulation of a liquid micro-jet was

developed. As a proof-of-concept, we found that the neural network determined neon’s gas phase

elastic momentum transfer cross sections to within 9%.

The extension towards the simultaneous determination of neon’s ionisation cross sections, in

addition to elastic scattering, decreased the accuracy to within 18% for elastic scattering, but

was accurate within 1% for the ionisation cross section. A combinatorial search was conducted

using the 100 best elastic and ionisation cross section pairs, which resulted in an accuracy to

within 20% for the elastic MTCS and 0.2% for ionisation. While the maximum error for neon’s

elastic MTCS increased, overall, the fit was improved, with only the higher energy regime

suffering in accuracy. The determination of three or more simultaneous cross sections resulted in

a substantial decrease in accuracy, and is thus left for future iterations of this method.

As expected, absolute magnitudes were difficult to determine, although the prediction of the

energy dependencies showed promise. Ionisation cross sections were remarkably well deter-

mined, while the elastic cross section prediction saw only quite slight discrepancies. Considering

a relatively well-formed energy dependence, theoretical values at the higher energies could be

used to ‘fix’ each cross section to improve the current prediction. Alternatively (or in addition),

the relative flow technique used for gas phase scattering experiments to achieve absolute cross

sections could be adapted to these liquid micro-jet experiments.

The main limitation with our current technique revolves around information density. Spectra

are comprised of several ‘dead zones’, in which little to no scattering information exists. Addi-

tionally, a coarse energy resolution was shown to hide important information within the spectra,

especially around inelastic peaks with similar threshold energies. To increase information den-

sity, a feature extraction algorithm might be utilised for each spectrum along with an improved

experimental detector resolution. In other spectral studies, Gaussian de-convolution algorithms

are employed to extract peaks from spectra. Utilising a similar approach, along with an increased

detector resolution, one could provide further clarity to the network, assuming an appropriate

treatment of asymmetry resulting from both multiple scattering and the ionisation energy sharing

profiles.

Currently, a fitting algorithm is in development which, when applied to the method outlined

in this study, aims to improve the predictive capability of the neural network. Additionally,

the inclusion of appropriate liquid structure factors, surface potentials and space charge effects

are necessary for real-world derivations of effective electron–liquid cross sections. Overall,

through a proof-of-concept model, we have shown that utilising machine learning, along with a
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significant wealth of Monte Carlo training data, one can reasonably predict individual and two

simultaneous electron scattering cross sections from EELS. The extension towards predicting

full, self-consistent cross section sets first begins with improvements on the methodology to

ensure an improved accuracy in determining the cross section magnitude.



Chapter 3

The calibration and implementation of an
electron-liquid micro-jet experiment

In this chapter, we utilise the results of the work presented in Chapter 2 to construct and

conduct initial measurements of electron scattering from the liquid micro-jet set up at Flinders

University. The work conducted was primarily undertaken during a 3 months stay at Flinders

University supported by James Cook University and Flinders University.

The primary goal of this work was to measure the first energy loss spectra of electron

scattering from the liquid micro-jet. To achieve this, it was crucial to develop an operation

procedure that would ensure a clean vacuum and stable liquid could be achieved.

This chapter includes experimental design work that was conducted with the aid of by J. R.

Gascooke and D. B. Jones. All other work described in this chapter is my own.

3.1 Introduction

In Chapter 2, a Monte Carlo simulation was used to investigate the sensitivity of energy loss

spectra, measured from a liquid micro-jet (LμJ) scattering experiment, to changes in the electron-

scattering cross section set. Deep learning was then used to determine the feasibility of using

this data to determine electron-scattering cross sections. In this chapter, we describe the imple-

mentation of such a LμJ experiment in which electron-liquid scattering is directly investigated in

a beam-like apparatus.

First, in Section 3.2, we detail each apparatus and procedure used for the LμJ electron

scattering chamber. The scattering chamber is modified from the chamber described by Builth-

Williams et al. [186] to accommodate the LμJ and thus only a summary of the unmodified

components are provided here. In addition, the Monte Carlo simulation is again used to aid

in evaluating and developing the procedures and measurements made in this experiment. In

37
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Section 3.3, we describe modifications made to the Monte Carlo simulation informed by the

equipment used. Finally, in Section 3.4, we conduct initial measurements and compare them to

simulated measurements and discuss their ramifications for future investigations.

3.2 Experiment set-up

The scattering chamber described was built originally by Cavanagh and Lohmann [187] for

coincidence detection of electron ionisation events from a gas beam. In this section, we describe

the scattering chamber and detail the modifications made to suit the new LμJ apparatus.

3.2.1 Chamber

A schematic of the vacuum chamber is shown in Figure 3.1. It consists of a cylindrical lid and

baseplate fabricated from 310-stainless steel due to its non-magnetic properties. In addition, an

inner layer of 3mm thick μ-metal exists inside the chamber to significantly reduce any external

magnetic fields. Twelve 2.75inch Conflat flanges are located on the baseplate and act as ports for

electrical and rotatable mechanical feed-throughs. Two 3.75inch viewing ports are positioned

on the chamber; one of which directly opposite the electron gun while the other is displaced 90◦

to view the interaction region at the centre of the chamber.

The chamber measures 600mm vertically with an outer diameter of 614mm. A 6inch Conflat

port extends 95mm from the top of the chamber and the two viewing ports extend 95mm from

the side. The base plate has a diameter of 704mm and is 35mm thick.

A 300,mm 310-stainless steel cylindrical cold trap extends down from the 6inch Conflat

located on top of the chamber. The cold trap is filled with liquid nitrogen during operation to

aid in maintaining the vacuum by providing a surface for molecules such as H2O to condense.

In addition, the chamber is warmed via heating tape to improve degassing speed and reduce

condensation on the inner surface of the chamber.

Nine of the 2.75inch twelve Conflat flanges are dedicated to electronic and mechanical

feedthroughs for the two analyses. One houses a ‘T’ splitter piece that houses both the electronic

controller and liquid inlet line for the LμJ. Another is also split into two through a ‘T’ piece with

a pirani gauge and an Edwads Penning 8 cold-cathode gauge. The final flange contains a vacuum

release valve for pressurizing the chamber.

The evacuation of the chamber is achieved in two stages through a Pfieffer TMH 520

turbomolecular pump along with a Pfieffer Du0 25 M rotary pump connected to the backing

line. Typically, the operation of the LμJ within the chamber results in pressures within the low

10−5 Torr region. While the base pressure for the chamber is stated as 2×10−8 Torr in [186], a

minimum pressure of 10−7 Torr was found in this work once the LμJ was installed.
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Outside the chamber there exists three sets of orthogonal 2.2m Helmholtz coil pairs to nullify

external magnetic fields. We note that the measurements presented here represent initial trials

that were conducted without the Helmholtz coils. After their calibration the electron gun and

detectors malfunctioned and no further measurements were made.

Figure 3.1: The Flinders University (e,2e) spectrometer chamber schematic. Image Source:

[186].
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3.2.2 Electron gun

The electron gun has been previously described in detail [186] and a brief overview is given in

what follows along with a schematic representation in Figure 3.2. The gun consists of a series of

electrostatic lense elements (V1 −V5), a source cathode (C1), collimation apertures (A1,A2) and

a single set of deflectors (D1) that can steer the electron beam. The source cathode consists of a

hairpin filament tungsten filament and during operation a thermionic electron beam is typically

produced with a current of ∼ 2.2A through the filament.

Following the tungsten filament, a pierce element (P1) consisting of a 1mm diameter aperture

centred around the source filament exists as an initial focusing element for the electron beam.

The application of a negative potential across the pierce element reduces the angular spread of

electrons which exit through its aperture. Additionally, there exists two beam defining apertures

A1 and A2 which each contain a 1mm diameter in their centre to selectively remove electrons

following an aberrant path.

Along the electron gun, voltages are applied across 5 separate 310-stainless steel cylindrical

lens elements. These potentials, much like optical lenses, serve to focus the electron beam such

that it follows a largely parallel path as it exits the electron gun. A typical path for the electrons

using standard values of each potential is shown in Figure 3.2. This path was calculated in [186]

using the SIMION charged-particle optics code [188]. Finally, there exists a deflector array D1,

located within V5, which allows some control over the horizontal and vertical position of the

beam in the interaction region.

3.2.3 Electron detectors

Shown in Figure 3.3, the analysers contain a focusing array, two hemispheres and an electron

multiplier. The focusing array operates in much the same way as the electron gun with a series

of electrostatic lenses, apertures and a set of deflectors that select and transport electrons leaving

the interaction region into a hemispherical electron analyser. Each hemisphere of the analyser is

made from ultra-high vacuum compatible aluminium, the surface between each hemisphere that

interacts with the electrons is coated in a 1μm layer of gold to minimise surface charging.

Figure 3.2: Schematic diagram of the electron gun used in the present measurements. Image is

reproduced from [186].

I 



3.2. EXPERIMENT SET-UP 41

As described by Builth-Williams et al. [186], the two hemispheres select for electrons

electrons that pass through the analyser with an energy of Ep = eVp. The inner (Vi) and outer

(Vo) hemisphere potentials are given by,

Vi =Vp

(
rp

ri
−1

)
, (3.1)

and

Vo =Vp

(
rp

ro
−1

)
, (3.2)

respectively, where ri = 50mm and ro = 75mm are their corresponding radii and rp is the mean

of the two. rp also corresponds to the path followed by an electron with energy Ep, which is

shown as a red dashed line in Figure 3.3. Electrons leaving the interaction regions with the

correct energy pass through the analyser and are detected using a channel electron multiplier.

Figure 3.3: Schematic diagram of the electron analyser. The red line traces out the path that

electrons of Ep = eVp take, the green and blue lines trace out paths of electrons with less and

more energy respectively. Image is reproduced from [186].
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The original experimental setup consisted of two analysers, one for the scattered (primary)

electron and one for the ejected (secondary) electron. In this experiment, we seek to measure

the energy loss spectra of electron scattering from a LμJ and thus only the scattering analyser is

used. Due to the physical size of the LμJ housing and the existence of the ejected analyser, we

are restricted to the angular range of −20◦ to 60◦. The removal of the ejected analyser would

extend this range to 120◦ to allow for the measurement of the backscattering signal.

3.2.4 Liquid micro-jet

In this work, a LμJ replaces the original molecular beam source described in [186]. The micro-jet

was developed by Advanced Microfluidic Systems GmbH [108]. An 1/16inch inlet capillary

is passed through a Conflat flange into the chamber where it is attached to a crystal nozzle that

produces the LμJ. The inner diameter of the nozzle is tapered to produce a liquid beam of a

desired size. Liquid samples are prepared in a glass bottle and are degassed through a sonic bath

for 480s. Before use, a few grains of salt are added to reduce electrokinetic charging of the jet

during operation [189]. A high pressure dosing pump (Knauer 40P) is then used to draw liquid

from the bottle and through the inlet capillary at 0.5−1.5ml/min.

Figure 3.4 shows the LμJ with the electron gun and the two hemispherical detectors positioned

radially around the scattering region. In this experiment, nozzles with diameters of 15, 25 and

40μm were available and 40μm was used in this work for its stability. From the nozzle, liquid

flows directly downward through the vacuum and into a 1mm orifice in the centre of the catcher.

From there, the liquid drains with gravity and the help of a diaphragm pump (Vacuubrand MD

4C NT) where it pools in a vacuum safe bottle submerged in an ice bath awaiting disposal. Both

the nozzle and catcher are heated to reduce the risk of the sample freezing. The position of the

jet can be externally controlled through two stepping piezo motors along the x-y axis of the

scattering plane. Additionally, the height of the jet can be adjusted manually.

From the catcher, a waste tube removes the expended sample from the chamber through a

Conflat flange and into a vacuum safe glass catcher bottle. An additional tube extends from the

bottle lid and is attached to a backing pump to prevent backflow into the chamber. Both of these

tubes contain valves to allow emptying of the bottle during operation.

3.2.5 LμJ operation

In what follows we outline the procedure followed in this work to prepare the scattering chamber

and the various instruments. First, we prepare the LμJ by thoroughly cleaning both the housing

and the nozzle before installing and performing a pressure test. With the LμJ running, we then

seal and evacuate the chamber until the pressure stabilises. Liquid nitrogen is then added to the
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cold trap to further improve the vacuum. Finally, the electron gun and detectors and prepared for

measurements.

Preparation

Throughout the experiments the equipment used within the vacuum chamber required regular

cleaning before use to prevent clogging of the capillaries and to ensure a good vacuum could

be achieved. During preparation before each experiment, we conducted a cleaning process to

mitigate these issues. In what follows we outline this process.

To supply the jet, a 1L sample of de-mineralised water was prepared in a clean glass bottle.

The bottle was then partially submerged in a sonic bath for ≈ 480s to degas the sample. Then,

with the cap nut of the LμJ housing removed, the inlet capillary was purged with the dosing pump

Figure 3.4: Photograph of the present liquid micro-jet apparatus along with various labels

indicating each feature.
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set to a flow rate of 6ml per minute for 3 minutes to remove any build up within the capillary.

The housing was then wiped with a low-lint cloth to remove any remaining debris and liquid.

To clean the LμJ nozzle, a filtered syringe placed over the tapered end of the nozzle was

used to force isopropyl alcohol through and out of the nozzle. The remaining alcohol was then

removed from the nozzle with an additional filtered syringe of air before repeating the process 6

times. Ensuring the entrance of the nozzle does not touch any surface once cleaned, the nozzle

was then inserted into the housing and the cap nut tightened to finger tight. To ensure a proper fit

was obtained once inserted, a pressure test was conducted with with a flow rate of 2ml/min. A

small glass flask was placed under the nozzle to catch the liquid waste and the nozzle if it should

fail the pressure test. If the jet moved inside the housing, the flow was stopped and the nozzle

repositioned with more force applied when tightening the cap nut.

Once the nozzle was secured, we aligned the nozzle and catcher by eye using the piezo

stepper motors. Then, a flow rate between 0.5 and 1.5ml/min was used to check the alignment

and adjust where needed. A final fine calibration was then conducted where the catcher is moved

such that the jet touches each axis boundary before returning to the ’true’ center calculated from

the number of piezo steps between each boundary. With the jet calibrated, the catcher bottle was

the placed within a bucket of ice to ensure waste liquid condenses within the bottle. The catcher

backing pump was then engaged to generate negative pressure within the catcher to prevent

backflow into the chamber.

With the jet and catcher backing pump running and their heater elements turned on, any

remaining liquid was removed from the chamber with a lint free cloth and the chamber seal

was cleaned with a isopropyl alcohol wipe. As a precautionary step, a multi-layered sheet of

aluminium foil was placed above the LμJ housing to shield the inlet capillary from the cold trap.

Operation

With the lid lowered onto the chamber seal, the chamber was then evacuated with the chamber

backing pump until the pressure stabilises around ≈ 1×10−2 Torr. The vacuum pump is then

engaged to reduce the pressure until it stabilises around ≈ 5×10−5 Torr. Through the evacuation

process, the jet was closely monitored to ensure it remains stable. Finally, liquid nitrogen was

added into the cold trap to improve and help maintain the vacuum by freezing evaporated water

from the jet and any organic molecules that impact its surface.

Occasionally, solid matter or air bubbles would interrupt or block the flow of liquid through

the nozzle. Interruptions in the flow would invariably result in the formation of ice around the

nozzle or catcher. If the flow of the jet was impeded while the chamber was under vacuum, ice

would often form around either the nozzle or the catcher due to the interrupted or miss-aligned

flow of the jet. This formation would result in a large pressure spike as the liquid vapourised.

Once the heating elements of the jet and catcher melted the formed ice, the jet was able to restore
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operation on occasion. In the majority of cases however, new ice would form in its place resulting

in additional pressure spikes. As sharp pressure spikes could be damaging to the vacuum pump

and electron detectors, the waste line was constantly monitored for flowing water drops and the

jet was monitored directly through the viewing ports. Once flow was interrupted, the shutdown

procedure detailed in the next section was followed to protect the equipment and allow for a

swift reset of the scattering chamber.

Once the jet and chamber were stable, the electron gun and detectors were turned on gradually

to avoid burnout of their respective components. Shown in Figure 3.5 are the control racks for

each component. Ensuring first that the voltage and amp dials of the filament supply are set to 0,

the electron gun power supplies were turned on. Typical voltage values used were P1 = 0.12V,

V1 = 398.6V, V2 = 77.0V, V3 = 360.8V and V4 = 67.5V. Once the high voltage light turned

on, the filiment supply was turned on. Following this, the detector voltage controller and detector

CEM were turned on, again, ensuring the voltage dial on the CEM is set to 0. Then, at 10minute

intervals, both the filament supply amp dial and detector CEM voltage dial were increased by

0.2A and 0.2kV respectively until values of 2.2A and 2.2kV were reached.

Depending on how long the jet remained in operation, the catcher bottle would need to

be emptied and replaced. In the experiments that were conducted here, the 1L of sample

prepared was more than sufficient for the duration of each experiment. The longest the jet was

run continuously was approximately 4hours in this work. To achieve this, the valves attached

to both the backing pump tube and the catcher tube were shut. The bottle was then quickly

removed, emptied and re-attached before opening the backing pump valve to return the bottle to

an appropriate pressure. Once stable, the catcher valve was opened and the jet checked to ensure

flow was maintained.

With the chamber stable and ready to conduct measurements, the software provided in

LabVIEW was utilised to control the electron gun and detector and collect measurements as a

function of scattering angle, incident energy and scattered energy.

Pressurisation

To shutdown and pressurise the scattering chamber, both the electron gun and detector voltage

and amp dials were returned to 0 and their respective supply instruments switched off. It was

essential that these instruments were turned off first to prevent damage to their parts during

pressurisation. If the LμJ flow was interrupted prior or during the shutdown procedure, the inlet

dosing pump was switched off first. Following this, the vacuum pump was switched off and

allowed to spin down completely before turning the backing pump off. Finally, the evacuation

valve on the chamber was slowly opened, ensuring that the pressure was slowly returned to the

chamber.

With the chamber pressurised, any ice that formed on the outside of the cold trap would
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begin to melt. The chamber lid was lifted and an aluminium ‘bucket’ was placed under the cold

trap to shield the equipment from the dripping water as the ice melts. If the jet remained flowing,

the inlet pump and catcher pump were turned off.

3.3 Simulation set-up

To inform our understanding of the experiment, we utilise a Monte Carlo simulation to replicate

the experimental conditions observed. In what follows, we detail how each component of the

experiment is reproduced in the simulation.

A 15μm diameter cylindrical jet of dense gas with a constant radius is positioned such

that the radius is in the x-y plane. The simulations conducted here were conducted with the

Figure 3.5: Labelled diagram of the electron gun and detector control racks.
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assumption that a 15μm nozzle would be used in the experiment. While it has been shown

elsewhere that there exists a tapering of the jet width along its length [190], here we assume a

constant cylindrical radius. The center of the jet is set as (0,0). At each collision during the

simulation, the velocity of each molecules is sampled from a Maxwellian distribution with a

constant velocity shift of 100ms−1 along the direction of the LμJ.

The jet itself is represented as radial boundaries that are used to calculate the time of flight for

each particle to reach each boundary. Between each boundary, a neutral density is defined that

governs each particles mean free path in that region. Each molecule is assumed to be confined

within the 15μm boundary of the jet. Outside of the jet, a low density vapour of the same

molecule exists with a number density of 2×1018 m−3. In reality, the transition between the two

regimes will exhibit some gradient but for simplicity in this simulation the change is assumed to

be a step function as little variation in the results when compared to an inter-facial region similar

to the one outlined by Garland et al. [191].

The electron gun is positioned at −2cm on the x-axis relative to the centre of the jet. Electrons

are initialised with a positive velocity in the x direction towards the jet with a Gaussian spatial

distribution with a 1mm FWHM in the y-axis and an energy distribution with a FWHM of

1.4eV.

The detector is able to traverse in a circle around the centre position with a radius of 2cm

and an angular acceptance of ±1◦. In the simulation, a radial boundary exists at 2cm and each

electron simulation is stopped once they reach this radius. The electron is then considered

detected at a certain angle in the x-y components of its velocity vector lies within 1◦ of its

spatial angle. In this fashion, as with the experiment, electrons are only detected if they originate

from the scattering region of the LμJ itself. In addition, electrons that arrive at the detection

radius with more than 5mm displacement along the z-axis are not detected to approximate the

3 dimensional nature of the detector cone. To simulate the uncertainty inherent to the detector,

when an electron is detected, its measurement is added to each energy and angle ‘bin’ within

the stated uncertainty. In what follows, we use acceptance vales of ±1eV and ±2◦ for detection

energy and angle respectively.

For this work, we use the electron cross section for H2O vapour presented by Ness et al. [133]

which are shown in Figure 3.6.

3.4 Results

In this section, we present the first results obtained of electron scattering from the liquid micro-

jet along. In addition, we conduct Monte Carlo simulations of the LμJ and investigate their

dependence on various cross section parameters. We begin with comparing the detected electron

signal intensity as a function of LμJ position within the chamber for both the simulation and



48

CHAPTER 3. THE CALIBRATION AND IMPLEMENTATION OF AN ELECTRON-LIQUID
MICRO-JET EXPERIMENT

experiment. We then compare this data with a simulated equivalent gas micro-jet and investigate

the dependence on scattering angle and detection energy. In addition, we compare the simulated

and experimental electron energy loss spectra for both a liquid jet and the background gas by

moving the jet outside of the electron beam. Finally, we conduct a series of simulations to

investigate the dependence of the energy loss spectra on both the differential cross section and

density.

3.4.1 Alignment of the liquid micro-jet

Achieving an accurate alignment of the LμJ with respect to the electron gun and the detectors

is a crucial step in the setup procedure of the experiment. In Figure 3.7 we show the simulated

dependence of the detected electron signal on LμJ position, scattering angle and detection energy.

For each Cartesian co-ordinate selected, a simulation is conducted and both energy and angle are

stored for each detected electron.

It is clear that back-scattering angles results in a significantly stronger electron scattering

signal when compared to forward-scattering angles. In addition, while a larger signal is observed

when electrons with energies > 5eV are included compared to the case when only the elastic

signal is included (> 95eV), the dependence on LμJ position did not substantially differ in the

two scenarios.

Shown in Figure 3.8, are elastic scattering intensity measurements taken from the LμJ

Figure 3.6: Electron scattering cross section sets for H2O proposed by Ness et al. [133].
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at a range of positions along the y-axis (perpendicular to the electron beam). Each step is

approximately 1μm with the initial position aligned by eye with the center of the electron beam.

Two scans were conducted, one moving forward toward the housing, then another scan moving

backward as the jet is returned to the center position. Interesting, these two scans resulted in

substantially different counts of the electron signal. While the forward scan resulted in a distinct

maxima near the 0 position, the backward scan exhibits only a small rise in signal as the LμJ

Figure 3.7: Detected electron signal for a 100eV electron beam incident upon a 15 μm LμJ

as a function of LμJ position. The electron beam is represented as a along the y-axis with a

standard deviation of 1mm and is directed along the positive x-axis. The LμJ is directed into

the page. In each row, the detectors are limited to angle ranges; (top row) all angles, (middle

row) back-scattering angles and (bottom row) forward-scattering angles. In the first column, all

electrons above 5eV are detected while in the second column only those with energies above

90eV are detected to capture only elastic scattering. The heatmap scale is the percentage of

the incident electrons that are detected. In each scenario, we find a similar profile for the total

detected signal with a significant decrease in signal for forward-scattering angles compared to

back-scattering angles.
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returned to the center. Due to the physical limitations of the pipe connected to the catcher, the jet

was unable to move beyond the positions shown in Figure 3.8.

Intervals of 20 ‘steps’ of piezo motor was used with each measurement conducted over

a period of 2s. Several issues relating to miss-alignment of the jet were encountered while

attempting these measurements. The drain tube connected to the catcher would exert a force on

the catcher housing and result in a miss-alignment of the jet and the destruction of the vacuum.

The observed discrepancies in the two scans could be due to density fluctuations as the LμJ

moved, or due to electrokinetic charging of the jet over time. However, the exact reason is

unclear at this time without more investigations.

3.4.2 Calibration of electron gun and detector

To calibrate the 0◦ position of the detectors relative to the electron beam, measurements of the

electron elastic scattering signal were conducted for various angles. A distinct Gaussian shape is

observed in Figure 3.9 with some asymmetry, which indicates a miss-aligned LμJ with respect to

the electron beam. Angles between -5 and −5◦ were omitted due to the risk of saturating the

detectors from the unscattered electron beam.

The chamber is housed within 3 orthogonal Helmholtz coils to assist in negating Earth’s

magnetic fields. After calibration, east-west was set to 0.15A, north-south was set to 1.2A and

the zenith was set to 3.0A. Previously each coil was set to 0.3A, 1.6A and 2.3A respectively.

Figure 3.8: Perpendicular positional variation of the LμJ with respect to the electron beam

direction. A ‘step’ refers to a command in the controller program which approximately moves

the jet 1μm at a time. Note the difference in magnitude for forward/back. Electron gun current:

2.15A, detector voltage: 2.2kV, count time: 20s, pressure: 5×10−5 Torr.
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Figure 3.10 compares energy loss spectra with the previous coil parameters on versus without

the coil to demonstrate its importance. An energy loss spectra comparing the newly calibrated

coils was not possible due to time limitations and equipment failure. Due to the trial nature of

the initial measurements presented in the following section, the Helmholtz coils were not used

and so the electron beam is subject to Earth’s magnetic fields.

Figure 3.9: Detected electron counts for various scattering angles at elastic scattering energies.

Some asymmetry is present which indicates an unaligned LμJ.

Figure 3.10: Influence of magnetic field for the previously calibrated Helmholtz coil currents. A

spectra with the newly calibrated currents was not made due to time limitations and equipment

failure.
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3.5 Measurement of the electron energy loss spectra

Using an initial scattering beam of ≈ 250eV, an energy loss spectra was measured from 251eV

to 220eV. A strong elastic peak was found followed by a broad and tapering signal from inelastic

and ionisation scattering processes. In Figure 3.11 we present the measured energy loss spectra

for electrons scattered from the LμJ and compare that to spectra measured when the LμJ was

moved to the side. For comparison, each liquid and gas pair of spectra were scaled by the

maximum value of the liquid spectra in that pair.

Shown in Figure 3.11 are the simulated spectra for both the liquid and gas scenarios compared

at select gas densities and analytic scattering angle distributions that represent the DCS. Each

liquid spectra has been scaled by the maximum of the elastic peak that is centered around

250eV. The maximum liquid value was then used to scale each corresponding gas spectra to

compare their relative intensity. Generally, for the gas densities and DCS functions seleted, the

simulation is able to reproduce the elastic peak observed. Clear from Figure 3.11, is a degeneracy

between gas density and the DCS in these measurements. Comprehensive measurements of

the angle dependence of the spectra could be utilised to determine the DCS in order to resolve

the degeneracy in future investigations. In addition, the gas density could be determined by an

appropriate ion gauge closer to the jet itself. An intensity profile of scattered electrons as the jet

is moved across the electron beam also could be used in conjunction with simulated results to

aid in reducing this degeneracy.

The most notable difference can be found between 230 and 247eV where in the simulated

spectra there exists two small inelastic peaks that are followed by the ionisation signal while

in the measured data only a single, broad, peak is obvious. Without additional measurements

to both validate the observed EELS and investigate the dependence upon initial energy and

scattering angle, it is difficult to determine the cause for this discrepancy. The inclusion of

explicit rotational processes may result in a similar broadening reflected in the smulated spectra.

In addition, shifts in the energy loss threshold for excitation processes could result in each peak

overlapping and merging into a single feature. We must emphasise here that these measurements

are preliminary by nature and no conclusions about cross section set or measurement validity

can be made from them.

Overall, these results emphasise the need for refined and extended measurements of the

experiment presented here followed by an in-depth analysis of existing electron scattering cross

sections for water.

3.6 Conclusion

Overall, a new electron-liquid scattering experiment using a liquid micro-jet in vacuum conditions

has been established. The experiment features a crystal nozzle with a tapering channel that
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produces liquid beams between 15 and 40μm in diameter, depending on the nozzle used. The

nozzle, in combination with its housing, is able to inject liquid into a vacuum scattering chamber

where it quickly collected and removed by a catcher system.

The setup procedure for the experiment is outlined and results from initial calibration steps

and measurements of electron energy loss spectra is presented. In addition, a Monte Carlo

simulation is built that approximates the experimental conditions observed. The simulation is

Figure 3.11: Electron energy loss spectra for a 250eV electron beam incident upon a 40 μm

LμJ compared to ‘gas’ phase measurements where the LμJ was moved to the side. In addition,

various simulations were conducted using the H2O cross section set of Ness et al. [133] for

various gas phase densities and analytic differential cross sections (DCSs). Each pair of liquid

and gas spectra were scaled by the maximum value of the liquid spectra.
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used both for informing the design of the experiment and for comparison of existing theory to

the initial results obtained.

First, we investigated the alignment of the LμJ by simulating the detected electron current as

a function of jet position for various scenarios. We observed a significant increase in signal for

back-scattering angles compared to the forward-scattering angles. Comparing these predictions

to the experiment proved difficult due to the limited available movement and stability of the jet.

However, we did observe a decreasing trend of the electron count rate as the jet was moved away

from the electron gun.

We then conducted two electron energy loss spectra measurements to compare both liquid

and gas scattering. A series of simulations were then produced to investigate the sensitivity

of each measurement to both the background gas density and differential cross section. We

found promising comparisons between simulation and experiment utilising the cross section

set proposed by Ness et al. [133]. However, it was difficult to separate the effects of density

variation from that of the differential cross section.

Due to time limitations, refined measurements were not conducted of the energy loss spectra

presented here. Thus, the results of this investigation are preliminary by nature and only re-

enforces the need for more measurements to be conducted of electron scattering from the

LμJ.



Chapter 4

An iterative deep learning procedure for
determining electron scattering cross
sections from transport coefficients

This chapter includes the following publication:

[3] D L Muccignat, G J Boyle, N A Garland, P W Stokes and R D White, An iterative deep

learning procedure for determining electron scattering cross-sections from transport coefficients,

Machine Learning: Science and Technology, 5, 015047, 2024

As outlined in Chapter 1, this chapter, along with Chapter 5, is motivated by the need to

determine complete and self-consistent electron scattering cross section sets for complex targets.

This chapter outlines a new deep learning technique that was originally developed to determine a

full cross section set for the molecule HFO1234ze(E), which is then detailed in Chapter 5. The

method was developed to be general in nature and thus has many potential applications in the

field of particle physics.

The foundation for the deep learning code used here was provided by P. W. Stokes. The code

was adapted to include extrapolation of training data (see Appendix A.2), a branching network

architecture (see Section 4.2.1) and an automated iterative method that uses deep learning to

improve the predicted solution (see Section 4.2.2). To generate the training data for each network

used, a multi-term Boltzmann solver written by P. W. Stokes was used and was only modified to

include super-elastic collisions. All other work described in this chapter is my own.

4.1 Introduction

Electron transport models are crucial to enable the predictive control of low-temperature plasma

systems [11]. Underpinning these techniques are the use of accurate and complete electron

55
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scattering cross section sets. The derivation of scattering cross sections is typically conducted

through experimental and theoretical techniques, coupled with verification through swarm

scattering experiments to ensure their validity [44]. In regions where these techniques are

limited, “educated guesses” and numerical techniques are often used to bridge the gap. This

knowledge gap motivates the need for reliable and benchmarked numerical techniques to aid in

the development of accurate and complete cross section sets.

Here, we focus on the determination of cross section sets from swarm data, otherwise known

as the inverse swarm problem [1]. Presently, two primary numerical techniques exist that aim

to solve the inverse swarm problem: the iterative swarm technique and, more recently, the

application of Artificial Neural Networks (ANNs). The iterative swarm technique first used

approximate distributions, such as a Maxwellian or Druyvesteyn distribution, of the electron

energy distribution function to calculate transport coefficients that are compared to experimental

transport coefficients and improved iteratively [99–101]. The accuracy of the iterative swarm

technique was then improved with the inclusion of an accurate electron energy distribution

functions derived from the solution of the Boltzmann equation [45, 102–104].

A substantial limitation to solutions of the inverse swarm problem lies in its ill-posed nature.

In particular, the existence of multiple cross sections that describe similar scattering processes,

such as similar threshold vibrational modes, results in substantial degeneracy of transport data

for a given species [1, 98]. In this limit, the iterative swarm technique relies on the intuition and

experience of an expert, which, along with the trial and error nature of the approach, results in

an inefficient procedure that is difficult to reproduce. Several methods that attempt to automate

this methodology have been proposed [192–198] to address this issue. Of interest to this study,

is use of ANNs trained on existing cross section data to determine scattering cross sections for

electron transport in gases.

In the early 1990s, Morgan et al. [46] first demonstrated a solution to the inverse swarm

problem through an ANN trained on example cross sections and their associated transport

coefficients. Recently, Stokes et al. [1] revisited this problem utilising advances in network

architecture, model size and available cross section data to improve the network’s predictive

power. Since then, the method has been successfully applied to the improvement of tetrahy-

drofuran, α-tetrahydrofurfuryl and nitric oxide electron scattering cross sections [47, 106, 107].

Jetly et al. [105] evaluated the performance of three network architectures for the regression of

single electron-scattering cross section and found that a DenseNet architecture resulted in the

highest regression accuracy.

While the application of ANNs to the inverse swarm problem shows great promise, the

method is constrained due to a number of key limitations. This study aims to address the

following two limitations. First, we demonstrate that a conventional ANN limits the ability of the

network to reliably and self-consistently model multiple independent cross section regressions
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when compared to an equivalent network that is designed in a physics-informed manner to

contain multiple parallel branches of densely connected layers. In this design, each possible

scattering process that may occur for a given target is provided a separate branch, which assures

the user that the total of all parallel branches reproduces the required total scattering cross

section. Additionally, as the prediction of multiple cross sections is limited due to the degenerate

nature of the inverse swarm problem, we propose an iterative procedure to enable the network to

incrementally explore the solution space of the problem.

Reducing the impact of these limitations will extend the applications for the ANN method

to complex bio-molecules critical for applications in fields such as plasma medicine [199]

and dielectric insulators [54]. In previous work, Stokes et al. [1], used ANNs to approximate

argon and helium’s cross sections. However, argon and helium do not exhibit vibration and

attachment collisions that are generally important in bio-molecules. Here, we use methane as a

case study for the influence of vibration and attachment processes, as has been widely studied in

the literature [200–204]. For example, the strong excitation processes demonstrated by methane

lead to a breakdown of the two-term approximation that is often employed in the solution of

Boltzmann’s equations [204–206].

In Section 4.2, we outline each modification to the network architecture and methodology

before evaluating their performance using methane as a case study. We then summarise the

results in Section 4.3.

4.2 Artificial neural network regression of cross section sets

The application of ANNs towards determining complete cross section sets through the inversion

of macroscopic experimental data has been the focus of a recent project at James Cook Univer-

sity [1, 2, 47, 106, 107, ]. While the technique has predominately been used to improve existing

cross section sets [47, 106, 107, ], the determination of complete cross section sets for complex

targets remains elusive due to the ill-posed nature of the problem. In this section, we present two

modifications to the methodology that aim to improve the ability of the network to determine

complete cross sections from transport data.

First, to aid the network in representing the independent nature of each cross section, we

propose a Multi-Branch Artificial Neural Network (MBANN) and compare its performance

through a regression of the cross section set for methane recommended by Biagi [179]. To reduce

the impact of the non-unique nature of determining cross section sets with multiple similar

scattering processes, we then propose an iterative procedure that incrementally explores the

solution space by using perturbations of the previous regression. To demonstrate the iterative

procedure, we compare the initial regression and the best regression found for methane’s cross

section set.
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4.2.1 Multi-branch neural network regression

Stokes et al. [1] proposed an ANN where each element of the output corresponds to a single

cross section. The simultaneous prediction of each cross section ensures that the full set of cross

sections are self-consistent, which ensures an accurate replication of the target swarm transport

data. In their investigation of various ANN architectures, Jetly et al. used separately trained

networks to enforce independent feature maps for each cross section. The authors state that the

simultaneous prediction of multiple cross sections would force the network to share feature maps

across different types of cross sections and thus severely inhibit its predictive capability.

Here, we propose a Multi-Branch ANN (MBANN) to bridge the gap between the requirement

for self-consistency and the desire for independent feature maps for each cross section. That

is, for each cross section, there exists an independent block of dense layers that each extend

from a single block of dense layers. Each parallel branch is then allowed to develop a feature set

specific to a single cross section while still ensuring each regression is conducted in context of

the full cross section set.

We utilise a MBANN of the form,

σ (x) =
[
A[n]

5 ◦mish◦A[n]
4 ◦mish◦A[n]

3 ◦mish◦A2 ◦mish◦A1

]
(x) , (4.1)

where Ai (x) ≡ Wix+bi are affine mappings defined by dense weight matrices Wi and bias

vectors bi, and mish(x) = x tanh(ln(1+ ex)) is a nonlinear activation function [180] that is

applied element-wise. The final output, σ [n], then represents the nth cross section of interest

within a set of N cross sections. A[n]
3 , A[n]

4 and A[n]
5 form an array of N parallel branches that each

utilise the output of A2 to independently represent the nth cross section. b[n]
3 and b[n]

4 contain 32

elements each, b[n]
5 contains 1 for each output n, while those in the initial two layers contain 128.

The weight matrices are sized accordingly.

From previous investigations and a simple hyper-parameter optimization procedure outlined

in A.2.2, we found that approximately 32 neurons in each parallel layer is required for a suitable

regression of each cross section with more neurons resulting in modest improvements. Here,

we choose this minimum to isolate and demonstrate the differences between a MBANN and an

equivalent ANN architecture. Each other parameter, such as the activation function and number

of hidden layers, was chosen from a set of reasonable values using a comparison of validation

accuracy and prior experience. A schematic representation of the MBANN architecture is shown

in Figure 4.1.

For comparison, we use an ANN of the form,

σ (x) = [A5 ◦mish◦A4 ◦mish◦A3 ◦mish◦A2 ◦mish◦A1] (x) , (4.2)

where b3 and b4 now contain 32×N elements while b5 contains N elements to match the

number of outputs. The ANN thus contains the same number of neurons per layer as the
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MBANN network outlined above. We note however that the number of trainable parameters is

larger than that of the MBANN.

Each cross section is a function of the incoming projectile electron kinetic energy, ε , which,

alongside the available swarm data, forms the input to the neural network,

x =

⎡
⎢⎢⎢⎢⎣

ε
W(E/n0)

n0DL (E/n0)

keff (E/n0)

⎤
⎥⎥⎥⎥⎦ , (4.3)

where n0, W, n0DL and keff are the neutral density, bulk drift velocity, reduced bulk longitudinal

diffusion and effective ionisation rate of the electron swarm evaluated at a number of reduced

electric fields E/n0.

To train each neural network, we generate an appropriate set of physically plausible example

swarm transport data using augmentations of cross sections from the LXCat project [52, 72,

Figure 4.1: Diagram of the multi-branch artificial neural network used for the regression of cross

sections (green) as a function of energy (orange), given an associated set of transport coefficients

(blue). The first two hidden layers contain 128 neurons while each hidden layer within each

parallel branch contains 32 (shown not to scale). While each transport coefficient forms an array

of arbitrary length, ε is a single energy value that is varied to scan the energy space. Each output

layer then contains 1 neuron and are concatenated to form an array of N elements to match the

number of output cross sections.

w 
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73, 207]. The data generation process and subsequent training procedure follows the method

outlined by Stokes et al. [1] with some modifications that are described in detail in A.2.1.

A total of 105 training iterations are performed, each consisting of a mini-batch of 32 cross

section sampled at 128 energies from a total of 2×104 training examples for each cross section.

For each training set, a multi-term Boltzmann equation solver was used to calculate W, n0DL

and keff at 80 log-spaced reduced electric fields between 10−3 and 104 Td (1Td = 1Townsend =

10−21 Vm2) while the cross section regression was conducted between 0.01 and 200eV. A

detailed outline of the training procedure can be found in A.2.2.

To demonstrate the improvements offered by the proposed architecture, we present a re-

gression of methane’s cross section set for both the MBANN and an equivalent ANN network.

The cross section set was retrieved from the LXCat database [52, 72, 73] and originates from

Biagi’s Magboltz code (version v7.1) [179]. In this work, we perform a regression of the elastic

momentum transfer cross section (MTCS), total ionisation, total attachment, and each of the 6

excitation cross sections. In addition, while it has been shown that an ANN can determine some

energy loss thresholds [1], any target cross section set that exhibits multiple similar threshold

processes introduces a high degree of degeneracy. In this work, we assume knowledge of each

energy loss threshold and leave their determination for future investigations.

A comparison between the resulting regression for both the ANN and MBANN architectures

is shown in Figure 4.2. In each, the extent of the 100 best fits sampled during the training

process is shown as a shaded region to provide an indication of the network’s variability. The

ANN regression resulted in a Mean Absolute Relative Percentage Difference (MARPD, see

Equation A.19) of 2.2, 6.3 and 21% for W , n0DL and keff, respectively. The MBANN regression

resulted in a comparable MARPD of 2.7, 5.2 and 21% for W , n0DL and keff, respectively.

While each network exhibited a similar global accuracy in the replication of transport

coefficients, non-physical fluctuations are present in the ANN regression of the elastic and

excitation cross sections between 0.1−0.4eV and 7−20eV. It is clear that the large gradients

present in these regions, due to the energy loss thresholds of 0.162, 0.363, 7.5, 9.1, 12.36,

15.5 and 15.5eV, resulted in the ANN being unable to independently represent each cross

section’s feature map when compared to the MBANN fit, despite the same number of neurons

available to each architecture. Similar fluctuations were also observed in the best 100 regressions

represented by the shaded regions in Figure 4.2. While a larger ANN would mitigate this effect,

the MBANN is able to leverage its independent branches to ensure each cross section’s feature

map is physics-informed and intuitive. The branching architecture also offers a simple linear

scaling for variations in the number of target cross sections through the addition, or removal of,

individual branches.

As demonstrated by both networks presented here, there remains much room for improve-

ment in the regression of methane’s electron-scattering cross section set. While additional
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improvements of the network architecture may be available, such as those seen in the work of

Jetly et al. [105], the ill-posed nature of the inverse swarm problem places an inherent limit on

the accuracy of methods that seek to learn the feature map between transport data and cross

section sets. In what follows, we aim to mitigate this restriction through a new procedure that

uses a sequence of MBANNs to incrementally explore the solution space.

4.2.2 An iterative approach to neural network regression

The regression of numerous similar cross sections poses a substantial challenge for solutions to

the inverse swarm problem. As shown previously by Stokes et al. [1, 106, 107], the predictive

power of the neural network can be improved by restricting the training data to perturbations

Figure 4.2: Comparison of a conventional (a) and an equivalent multi-branch artificial neural

network (c) applied to the regression of Biagi’s methane cross section set [179]. While only the

total excitation cross section is shown here for simplicity, each of the six excitation processes

present in the original set are included in the regression. The bulk drift velocity W , bulk reduced

longitudinal diffusion (n0DL) and the effective ionisation rate (keff) for each network is shown in

(b) and (d). For simplicity, the legends in (b) and (d) are shared by (a) and (c) respectively. All

transport coefficients displayed here are calculated with a multi-term Boltzmann equation solver.

Shown as shaded regions, are the extent of the best 100 regressions for the initial regression.

Below each figure, is the Absolute Relative Percentage Difference (ARPD) across the energy

domain between each regression and the original set.
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around a reference cross section set. We extend this work and propose an iterative procedure in

which a sequence of networks are trained using a weighted mixing of the previous solution with

example cross section data. As illustrated in Figure 4.3, the procedure consists of three phases;

initialise, explore and refine.

In the intialise phase we follow the procedure outlined in A.2.2. In this phase, no prior

information of the target cross section set is given to the network other than energy loss thresholds

and the number of processes present. Each energy loss cross section in the training set is thus

energy shifted to their respective target threshold energy. The resulting best 100 regressions

then form an array of current fits σσσ c. During the following two phases, we seek to improve the

Explore RefineInitialise
x2 x5

Iterative procedure

Major
perturbation

Train network

Verify
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Figure 4.3: Illustrative diagram of iterative neural network procedure (top) along with a flow

chart outlining each step (bottom). The procedure consists of 3 phases: initialise, explore and

refine. The initialise step follows a similar methodology outlined by Stokes et al. [1]. First,

training data is generated through augmentations of existing LXCat cross sections [52, 72, 73].

During training, the network’s output is periodically sampled and their associated transport

coefficients are verified against the target transport coefficients to determine the best 100 fits.

In the explore and refine steps, augmented LXCat data are used to generate major and minor

perturbations, respectively, of the previous best 100 fits before utilising the same training and

verification procedure as the initialisation step.
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regression by generating stochastic perturbations around each current fit through a weighted

mixing with example cross section data.

To train each subsequent network, we use augmented LXCat cross sections to generate

perturbations around each current fit. First, σs, is generated with the same method used in the

initialisation phase. We then use σs to generate a perturbation around the ith current fit σc,i using

a weighted sum in log space,

σs (ε) = σ1−r
s (ε − εs + εt)σ r

c,i (ε − εc,i + εt) , (4.4)

where i is a uniformly distributed random number and r is a pseudo-random number sampled

from a scaled Laplace distribution. εs and εc,i represent the respective threshold energies for

each cross section while εt is the target threshold energy. The parameter r then defines how

similar each training sample σs is to σc,i, where values close to 1 results in minor perturbation

around σc,i while values close to 0 results in major perturbations. Values of r greater than 1 can

be used to produce accentuated perturbations around σc,i to extend the solution space beyond

the available data. The extent of these perturbations then define the network’s ability to either

explore the solution space or refine the existing solution. If the training data is restricted to

minor perturbations, the solution may become trapped in a local minimum. Conversely, major

perturbations may result in the network being unable to determine a sufficiently accurate cross

section set. The explore and refine phases of the procedure aim to strike a balance between these

two regimes. In the explore phase, major perturbations of σσσ c are made to assist the network in

traversing the solution space beyond the current fits while in the refine phase, minor perturbations

are used to further refine σσσ c.

Through a trial and error process, we found the following parameters to be suitable for

each training phase. In the explore phase, we conduct two iterations while in the refine phase

we conduct five to help ensure sufficient refinement of a particular solution is conducted after

each exploratory phase. For high energy (> 10eV) processes, such as electronic excitation and

ionisation, we sample r from the domain [0.5,0.8] for each iteration in the explore phase while

during the refine phase we set r = 0.8. For low energy processes, such as vibration and elastic,

r is sampled from [0.5,1.5] in the explore phase and [0.8,1.2] in the refine phase. In the case

of low energy processes, r values greater than 1 are used to generate training examples that

accentuate low energy cross section features that are present in the sample data.

Direct parallels can be drawn between the iterative MBANN technique and the well known

iterative swarm technique. In each, an informed supervisor guides the procedure towards both

a physical and accurate solution to the inverse problem. In the iterative swarm technique, this

is generally the role of an expert in the field who may make adjustments to the solution or

procedure where necessary. In the iterative MBANN technique this role is, in the ideal case,

automated by the neural network. Depending on the application, the guidance of an expert may

still be required to choose suitable parameters and monitor its performance.
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We demonstrate the proposed iterative procedure through a regression of methane’s cross

section set presented in Section 4.2.1. While 32 neurons was chosen for the hidden layers in

each parallel branch as the limiting case in the previous section, we increase this to 64 in what

follows due to modest improvements in the validation accuracy. In Figure 4.4, we compare both

the initial and the best regression found of methane’s cross section set during the procedure,

along with their associated transport coefficients.

The associated transport coefficients of the initial fit of methane’s cross section set results in

substantial discrepancies to the original set. The initial MBANN regression resulted in a MARPD

of 1.8, 5.1 and 27% for W , n0DL and keff, respectively. After 40 iterations, the procedure was

then able to substantially improve upon the initial regression with the best iteration resulting in a

MARPD of 0.48, 1.69, and 5.84% for W , n0DL and keff, respectively.

Crucially, we also find substantial improvements in the agreement between the total cross

sections for each collision type in the set and the target cross section set. Provided as shaded

regions in Figure 4.4, is the extent of the best 100 regressions found in the initial fit. Both the

total excitation and the attachment cross section of the best regression exist, in part, outside of

the initial extent of σσσ c. The network was therefore able to effectively explore where necessary to

improve the resulting fit of the target transport coefficients.

In its current form, the procedure assumes the prior knowledge of threshold energies. This

assumption is particularly important when groupings of similar thresholds are present. If instead,

Figure 4.4: MBANN regression of Biagi’s methane cross section set [179] using an iterative

procedure. (a) compares the initial regression and the best regression found to the original cross

section set. While only the total excitation cross section is shown here for simplicity, each of the

six excitation processes present in the original set are included in the regression. The bulk drift

velocity W , bulk reduced longitudinal diffusion (n0DL) and the effective ionisation rate (keff) for

each regression is shown in (b). All transport coefficients displayed here are calculated with a

multi-term Boltzmann equation solver. Shown as shaded regions, are the extent of the best 100

regressions for the initial regression. For simplicity, the legends in (b) is also shared by (a).

Below each figure, is the Absolute Relative Percentage Difference (ARPD) across the energy

domain between each regression and the original set.
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effective excitation cross sections are utilised in the network to represent groupings of similar

threshold energies, this assumption could be avoided at the expense of physical threshold energies

in the resulting cross section set.

In this investigation, we utilise only calculated transport coefficients over a large range of

reduced electric fields. In reality, such a range is not often available. While tailoring the energy

domain of the cross section regression to the transport data available will alleviate the limitation

in part, this has limited returns. We thus encourage the measurement of swarm coefficients over

a broad range of electric field domains where possible. Finally, while we have made a concerted

effort to develop a robust iterative procedure, depending on the particular problem and the extent

of available transport data, the network may still produce non-physical cross sections or become

trapped in a local minimum. The parameters utilised here should thus only serve as a guide for

future applications to be modified as needed.

4.3 Conclusion

In this work, we demonstrate a new iterative procedure that uses a Multi-Branch Artificial Neural

Network (MBANN) to solve the inverse swarm problem. Building upon the foundations outlined

by Stokes et al. [1, 47, 106, 107] and Jetly [105], we address two key limitations of an ANN

solution to the inverse swarm problem.

We first evaluate the use of a MBANN that includes an independent branch of dense layers

for each output that each stem from common feature map of the input. We then compare the

MBANN to an equivalent conventional ANN using Biagi’s methane cross section set [179] and

demonstrate that the use of parallel layers can improve the resulting regression as the network is

able to efficiently and independently represent multiple distinct cross sections.

In addition, taking inspiration from the iterative swarm technique, we propose an iterative

MBANN procedure to that incrementally explores the solution space to reduce the ill-posed

nature of the problem. After an initial regression is found, we use a sequence of MBANNs

that are each trained using perturbations around the previous regression. The iterative MBANN

procedure then converges towards a particular solution of the inverse swarm problem.

To demonstrate the iterative MBANN procedure, we evaluate its performance using Biagi’s

methane cross section set [179]. In the 40 iterations that were conducted, the MARPD of the

initial regression’s resulting transport coefficients was substantially decreased from 1.8, 5.1 and

27%, to 0.48, 1.69, and 5.84% for W , n0DL and keff, respectively. Additionally, the total cross

section for each collision type within the best set found exhibited good agreement with the

original set, in contrast to the initial regression.

Overall, we have demonstrated an improved artificial neural network solution to the inverse

swarm problem that utilises both an iterative procedure and parallel branches of densely con-
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nected layers that represent each cross section. In conjunction, these additions improve the

ability of the network to generate both self-consistent and physical cross sections, particularly

when large degeneracies may exist for a particular species.

In future work, we aim to apply this procedure to derive complete cross section sets for

complex targets while also investigating the use of convolutional architectures.



Chapter 5

HFO1234ze(E): electron-scattering cross
section set through an iterative deep
learning procedure

In this chapter, we utilise the iterative deep learning technique developed in Chapter 4 to

determine a complete electron scattering cross section set for HFO1234ze(E), a proposed

replacement for SF6 as an electrical insulation medium in high voltage applications.

The foundation for the deep learning code used here was provided by P. W. Stokes. The code

was adapted to include extrapolation of training data (see Appendix A.2), a branching network

architecture (see Section 4.2.1) and an automated iterative method that uses deep learning to

improve the predicted solution (see Section 4.2.2). To generate the training data for each network

used, a multi-term Boltzmann solver written by P. W. Stokes was used and was only modified to

include super-elastic collisions. All other work described in this chapter is my own.

5.1 Introduction

Sulphur hexafluoride (SF6) has long been extensively used as an electrical insulation medium

with wider applications in refrigeration, aerospace, medical and chemical industries, among

others [208]. However, its high global warming potential (GWP) of 23,800 and the toxicity

of its decomposition products, has motivated the search for a suitable replacement. Recently,

the molecule (1E)-1,3,3,3-Tetrafluoroprop-1-ene (C3H2F4), often termed HFO1234ze(E) or

R-1234ze, was proposed [209] as a SF6 replacement with a GWP just 2% that of SF6 [210].

Currently, HFO1324ze(E) exhibits potential applications in many fields such as refrigeration [211–

221], cooling technology [222, 223], vapour compression heat pumps [224, 225], resistive plate

chambers [226–228], and Rankine cycle systems [229, 230], among others [231–234].

67
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The suitability of HFO1234ze(E) as an electrical insulation medium has been the subject

of numerous studies since its proposed use in 2014 [209]. A 2020 review of potential SF6

replacements found HFO1234ze(E) and CF3I to be suitable in medium voltage applications [208].

For high voltage applications, HFO1234ze(E) alone was not sufficient due to its high boiling

point, except in mixtures with gases such as N2, CO2 and synthetic air [42]. In addition, it has

been shown that the breakdown voltage for HFO1234ze(E) reduces with subsequent breakdowns

at pressures above 2.5bar, which correlates with the formation of carbon and fluorine on the

electrodes [235, 236]. Carbon dust precipitation due to spark-overs in HFO1234ze(E) can also

cause short-circuiting on insulation surfaces if appropriate measures are not taken to prevent

it [42]. Basu et al. [236] thus concludes that HFO1234ze(E) is not promising for switching

applications but can be considered for insulations in switchgear applications without discharges.

In addition to its physical properties as an insulation medium, there has been some work

to determine the environmental impact of an increase use of HFO1234ze(E). Of particular

interest is trifluoroacetic acid (TFA), which is a decomposition product of HFO1234ze(E) that

exhibits a molar TFA yield of 10% under typical conditions [237]. TFA can wash out of the

atmosphere, dissolve into water and accumulate in oceans, salt lakes and playas [237–239].

Projections based upon on the replacement of HFC-134a by HFO1234yf, which exhibits a

100% molar yield of TFA, results in a doubling of TFA concentrations in Eastern U.S. with a

concentration of 1264ngL−1, 80 times lower than the lowest level considered safe for aquatic

organisms [237,240,241]. However, at the time of this study, no data was found on the projected

concentrations based upon the proposed partial replacement of SF6 by HFO1234ze(E). It is clear

that more work is needed to understand the environmental impact of HFO1234ze(E).

Measurements of HFO123ze(E)’s critical field strength were made through both a pulsed

Townsend experiment [54, 242] and an adapted existing model for breakdown field strengths in

SF6 [42]. It was found that at 130kPa, HFO1234ze(E) exhibits an electric strength comparable

to SF6 [242]. While pure HFO1234ze(E) features an overall lower critical field strength when

compared to SF6, it’s mixture with SF6 exhibits positive synergy such that the mixture is found

to have a higher critical field strength than each of its components [43].

A critical step in the development of predictive models is the derivation of complete electron

scattering cross sections. The cross section set can then be utilised in Monte Carlo simulation

software and Boltzmann equation solvers to achieve a high level of predictive control when

developing new applications. To this end, Petrovic et al. [243] proposed the first cross section set

for HFO1234ze using an iterative swarm transport method starting from the cross section set for

octafluoropropane. Alongside this, in an unpublished paper, Bianchi et al. [244] used a similar

procedure to obtain a cross section set for HFO1234ze(E) from pure HFO1234ze(E) swarm data

and mixture data with CO2.

Following this, Egüz et al. [245] conducted swarm measurements to investigate the positive



5.2. PROPERTIES OF ELECTRON SCATTERING FROM HFO1234ZE(E) 69

synergy effects of HFO1234ze/SF6 mixtures. Egüz et al. found the current cross section sets were

unable to replicate the positive synergy observed. To demonstrate their hypothesis that electrons

are not sufficiently decelerated through inelastic and elastic processes in HFO1234ze(E), the

excitation thresholds were modified according to infra-red spectroscopy measurements conducted

by Antinolo et al. [246].

In this work, we seek to derive a complete cross section set for electron scattering from

HFO1234ze(E) using the iterative deep learning procedure outlined in Chapter 4. In Section 5.2

we outline the current knowledge of HFO1234ze(E)’s cross section set. Following this in

Section 5.3, we provide a brief description of the ML technique utilised before presenting and

discussing the results. Finally in Section 5.4 we provide a summary of our findings.

5.2 Properties of electron scattering from HFO1234ze(E)

5.2.1 Existing cross sections

In 2016, Chachereau et al. [54, 242] presented transport data for pure HFO1234ze and mixtures

of Ar, N2 and CO2. Petrovic et al. [247] later presented a cross section set based on octafluoro-

propane and derived through an iterative swarm analysis using data from Chachereau et al. [54]

and de Urquijo et al. [248]. In addition, in a currently unpublished paper, Bianchi et al. [244] also

developed a cross section set from transport data of pure HFO1234ze and a HFO1234ze/CO2

mixture.

The cross section set of Petrovic et al., presented in the abstract of POSMOL 2019, is

replicated in Figure 5.1 for comparison with that of Bianchi et al.. We note that two attachment

processes were not included in the figure presented of Petrovic’s cross section set as the full set

was subject to an embargo. In addition, we were unable to reproduce the transport coefficients

presented in the work of Bianchi et. al. [244], which may be attributed to digitisation errors or

missing cross sections. Hence, we only compare the cross section sets available and not their

resulting transport coefficients.

Overall, both cross section sets differ significantly with only general trends being similar.

A three-body attachment process is present in both as resonant type reactions centered around

different energies. Each found a general dip in the elastic cross section between 0.01 and 10eV,

which corresponds with an increase in the total excitation cross sections. Petrovic’s cross section

set is more accentuated with larger excitation processes and a smaller elastic cross section.

Petrovic’s ionisation process exhibits a threshold energy around 10eV while Bianchi’s is closer

to 8eV.
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5.2.2 Positive synergy in HFO1234ze/SF6 mixtures

In 2022, Egüz et al. [245] conducted swarm measurements to investigate the positive synergy

effects of HFO1234ze/SF6 mixtures. The authors found the current cross section sets presented by

Petrovic et al. were unable to replicate the positive synergy observed. Based on their investigation

it was determined that an increase in negative HFO1234ze(E) ions in the presence of SF6 is only

partially responsible for the positive synergy observed. They proposed an alternative hypothesis

that positive synergy can occur through a strong electron energy moderation in combination

with thermal attachment. Through increasing the excitation thresholds according to infra-red

spectroscopy conducted by Antinolo et al. [246], Egüz et al. showed that positive synergy can

indeed be achieved through a moderation of electron energy.

5.2.3 Electron excitation and ionisation energies of HFO1234ze(E)

Since Egüz’s investigation, Schwabedissen et al. [249] utilised single-crystal and gas-phase X-ray

diffraction data to describe the vibrational spectra of HFO1234ze. Available in the supplementary

material, the authors list both experimentally derived and calculated vibrational frequencies for

the various phases of HFO1234ze. Restricting the vibrational frequencies labelled as medium in

strength or greater, we find agreement with the thresholds selected by Egüz et al. other than an

additional medium strength vibrational frequency at 0.087eV.

In an unpublished paper, Benussi et al. [250] utilised the quantum chemistry calculation

tool NWCHEM to calculate ionisation energies, electron affinities and the absorption spectrum

for various potential eco-friendly gas replacements. The authors calculate the ionisation energy

of HFO1234ze by optimising the geometry of both the neutral gas molecule and its positive

charged ion for the spin-unrestricted Hartree-Fock wave functions. The vertical ionisation

energy was then calculated through the difference in ground state energies between the two.

The authors found the vertical ionisation energy to be 9.34eV. In 2017, Liang et al. [251] used

Figure 5.1: Comparison of the electron-scattering cross section sets of Petrovic et al. [247] (left)

and Bianchi et al. [244] (right). Note that two attachment cross sections are missing in the set

developed by Petrovic et al. due to an embargo.
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density functional theory to investigate the structural and electrical properties of HFO1234ze(E).

The authors found a variation in ionisation energy when electric field strength increased from

−0.025 to 0.03a.u.. At a field of 0a.u., the ionisation energy of HFO1234ze(E) was found to be

10.8eV. Following this, Ray et al. [252] utilised imaging photoelectron photoion coincidence

spectrosopy to determine the adiabatic ionisation energy of HFO1234ze to be 10.91±0.05eV.

Three dissociative processes were also observed at 12.247± 0.030eV, 12.66± 0.10eV and

12.80± 0.05eV. Recently, Gan et al. [253] used Gaussian09 to calculate the structure and

energies of all reactants and products of HFO1234ze(E). The authors found an ionisation energy

of 11.24eV for HFO1234ze(E). Additionally, Egüz et al. [245] utilised density functional theory

to find an ionisation energy of 10.6eV and first electronic excitation energy of 6.6eV.

Overall, numerical predictions of the ionisation energy for HFO1234ze(E) vary from 9.34 to

11.24eV while reported experimental measurements vary from 10.8 to 10.91eV. In addition,

dissociative processes were observed above 12.24eV and a first electronic excitation energy of

6.6eV was found using density functional theory. These parameters will serve to inform and

constrain the cross section set presented in what follows.

5.3 Deep learning regression of HFO1234ze(E)’s electron scat-

tering cross section set

In what follows, we use the iterative machine learning technique outlined in the previous section.

For simplicity, pressure is directly used as the scaling factor for the three-body attachment cross

section. For the vibrational, electronic and dissociative processes we use the threshold energies

presented by Hösl et al. [43] while for the ionisation threshold defer to the experimentally derived

value of 10.91eV determined by Ray et al. [252] as there is some variation in theory.

Initially, only a single three-body and a single two-body attachment cross section were

included in the fitting procedure. When utilising mixture data with CO2, the network would

tend to predict two distinct cross section features for the single two-body process. One of these

was located at low energies (< 0.1eV) with the other between 1 and 10eV. This indicated the

existence of a separate thermal attachment process. To accommodate this, we sorted the example

attachment cross sections taken from LXCat into two categories; thermal and attachment. The

thermal category was defined by a cross section magnitude greater than 10−5 Å at 0.1eV. While

this is a crude definition, upon visual inspection of the examples we determined that this was

sufficient to create two distinct types of attaching processes. During training, the network was

then tasked with predicting three attachment; thermal, normal and three-body.

For this work, we use the swarm data from the ETH Zurich, High Voltage Laboratory (ETHZ)

group available on LXCat [254]. The database contains drift velocity, longitudinal diffusion

and effective ionisation rate transport coefficients for HFO1234ze(E) and its mixtures with Ar,
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N2, CO2 and SF6 for a variety of mixture ratios and pressures. Including every dataset in the

deep learning procedure was infeasible however due to substantial computational burden of the

Boltzmann solver so we select a representative sample of mixture ratios and pressures. Listed in

Table 5.1 are the parameters available (normal font) and those chosen for use in this work (bold
font). Note that mixtures of HFO1234ze(E) with N2 were not used in the results that follow

as a suitable cross section set for N2 that included rotational scattering cross sections was not

compiled. Attempts were made to include Ar mixture data but, as we outline at the end of this

discussion, their inclusion proved problematic for the resulting regression.

To demonstrate the effect of the inclusion of mixture swarm data on the resulting network

regression, we incrementally include mixture data from CO2 and SF6 and show the resulting

regression. First, in Figure 5.2, we utilise only the pure HFO1234ze(E) transport data in the

iterative deep learning procedure. In this fit, the thermal attachment cross section was not

implemented as the transport data present was not sufficient to resolve it. Shown below the

best regression found are the resulting transport coefficients compared to the experimental

data for the pure case along with mixtures with CO2 and SF6. For the pure swarm data, we

find good agreement between the regression and experiment. As expected, both the reduced

longitudinal diffusion and effective ionisation rate for the two mixtures investigated exhibit

significant discrepancies. The drift velocities for both mixtures found reasonable agreement

with experiment. Given the procedure was given no information for each mixture in this fit,

it is promising that this cross section set was broadly able to replicate the measured transport

coefficients with reasonable accuracy. The Mean Absolute Relative Percentage Difference for

each scenario investigated can be found in Table 5.2.

As discussed previously, HFO1234ze(E) may find applications as a dielectric insulator in

high voltage applications. Due to this we are most interested in the critical field strength and

positive synergy effects observed in mixtures with SF6. Thus, of particular concern for this

Mixture gas HFO1234ze(E) percentage (%) Pressure (kPa)

Pure 100 0.3, 3, 6, 8, 10, 12, 15, 20,

100 25, 30, 35, 40, 45

CO2 0.5, 1.2, 10, 30.1 10
50 6, 8, 10

75.0 3, 4, 6, 8, 10
SF6 99.965 1,2,3,4,5,6,7,8,9,10,11

1.30, 6.00, 16.50, 24.80, 34.70, 40.06, ≈ 0.4
45.57, 50.12, 60.19, 64.89, 69.92, 75.00, ≈ 0.4
79.89, 84.90, 90.10, 95.11, 96.99, 98.89, ≈ 0.4

99.00 ≈ 0.4

Table 5.1: Available swarm transport data from the ETHZ group on LXCat [254]. We note that

for the last row of SF6 data, the pressure varies from 0.36 to 0.48 for each ratio, each other

parameter has been rounded to the second decimal place where more precision was stated.

I I 
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Figure 5.2: Iterative deep learning fit of HFO1234ze(E)’s electron scattering cross section

set using only the pure gas transport coefficients. Shown here is the final cross section set

(top) along with its associated effective ionisation rates (right column), bulk drift velocity (left

column) and reduced longitudinal diffusion coefficient (center column) compared with the ETHZ

experimental data [54, 242, 255]. Transport coefficients for the pure (top row) are shown along

with HFO1234ze(E)/CO2 (middle row) and HFO1234ze(E)/SF6 (bottom row) mixture data. Only

the mixture ratios and pressures included in the iterative MBANN procedure are shown here.
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investigation is the large discrepancies observed in the effective ionisation rate in mixtures with

SF6.

Shown in Figure 5.3, we then include the HFO1234ze(E)/CO2 mixture data, in addition to

the pure data, in the training data of the procedure. We find an improved fit of the CO2 effective

ionisation rate and a worsened fit of the effective ionisation rate in the pure case. There was

modest improvement in n0DL for the CO2 mixture and a decrease in accuracy for the pure case.

Drift velocity saw a decrease in fit accuracy for all three scenarios. Overall, the network struggled

to fit both the pure and mixture transport coefficients. While it was hoped that the inclusion of

additional mixture data would improve the cross section prediction, the decrease in accuracy

could be the result of the increased complexity of the data. Given the assumed threshold energies

in this work, if the true threshold energies are not represented then the network would be unable

to, by nature, find a cross section set close to the true solution. In this case, the addition of

mixture transport data would only worsen the resulting prediction. We also note that the diffusion

data available for CO2 contains large variations that could be the result of data that is too sparse

to capture the appropriate features, or large experimental noise. While it was not attempted here,

it would be informative to replicate the fitting procedure without the longitudinal diffusion data

for CO2 in order to determine its affect on the resulting cross section set.

Finally, in Figure 5.4, we include both HFO1234ze(E)/CO2 and HFO1234ze(E)/SF6 mixtures

in the network regression, in addition to the pure data. We find that while ke f f exhibits an

improved fit for SF6 mixtures, the corresponding fit of both the pure and CO2 mixture data

has degraded. The cross section set predicted here replicates the positive synergy observed

in experimental data while retaining a reasonable fit of the pure and CO2 mixture transport

coefficients, which, to our knowledge, has not been demonstrated elsewhere. This cross-section

set was utilised in a recent publication by Garland et al. [256]. Shown in Figures 5.5- 5.7, are the

same predictions shown in Figures 5.2- 5.4, but with all available transport data displayed in the

interest of completeness.

During this work, several attempts were made to include Ar mixture data in the regression.

However it became clear that the network was unable to produce a suitable fit when Ar was

included. We do note that the diffusion data for pure Ar for the ETHZ group differs by a

consistent amount for high reduced electric fields than those available elsewhere on LXCat. This

Pure HFO1234ze(E)/CO2 HFO1234ze(E)/SF6

Training data ΔW ΔDL Δkeff ΔW ΔDL Δkeff ΔW ΔDL Δkeff

Pure 0.93 5.07 9.44 1.44 15.38 20.24 1.78 7.25 91.79

Pure, CO2 3.24 6.27 16.54 1.32 14.96 10.64 2.91 8.80 88.68

Pure, CO2, SF6 2.73 13.48 22.02 1.42 13.27 28.21 3.01 4.05 63.92

Table 5.2: Mean Absolute Relative Percetange Difference of drift velocity (W ), longitudinal

diffusion (DL) and effective ionisation rate (keff) for each combination of training data used.

I I I 
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Figure 5.3: Iterative deep learning fit of HFO1234ze(E)’s electron scattering cross section set

using both pure and HFO1234ze(E)/CO2 transport coefficients. Shown here is the final cross

section set (top) along with its associated effective ionisation rates (right column), bulk drift

velocity (left column) and reduced longitudinal diffusion coefficient (center column) compared

with the ETHZ experimental data [54, 242, 255]. Transport coefficients for the pure (top row)

are shown along with HFO1234ze(E)/CO2 (middle row) and HFO1234ze(E)/SF6 (bottom row)

mixture data. Only the mixture ratios and pressures included in the iterative MBANN procedure

are shown here.
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Figure 5.4: Iterative deep learning fit of HFO1234ze(E)’s electron scattering cross section set

using pure, HFO1234ze(E)/CO2 and HFO1234ze(E)/SF6 transport coefficients. Shown here is

the final cross section set (top) along with its associated effective ionisation rates (right column),

bulk drift velocity (left column) and reduced longitudinal diffusion coefficient (center column)

compared with the ETHZ experimental data [54, 242, 255]. Transport coefficients for the pure

(top row) are shown along with HFO1234ze(E)/CO2 (middle row) and HFO1234ze(E)/SF6

(bottom row) mixture data. Only the mixture ratios and pressures included in the iterative

MBANN procedure are shown here.
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could indicate a systematic difference in the experimental procedure between groups and would

require a new Ar cross section set that matches these results. At this time it is unclear how

significant this affect could be and the investigation of it is left for future work.

5.4 Conclusion

We have presented initial results from an iterative deep learning regression of HFO1234ze(E),

a potential candidate to substantially reduce the prevalence of SF6 in dielectric insulators. We

first investigated the suitability of the current proposed cross section sets for HFO1234ze(E)

available in the literature and review the current knowledge of electron-scattering processes from

HFO1234ze(E). We then utilise the swarm experiment data of the ETHZ group available on

LXCat [254] in an iterative deep learning procedure that was outlined in Chapter 4 to develop a

full electron-scattering cross section set.

Overall, we find promising results when HFO1234ze(E)/CO2 and HFO1234ze(E)/SF6 mix-

ture data are included in the regression. Discrepancies in the reduced longitudinal diffusion

coefficient and effective ionisation rate were still present however. These discrepancies suggest

that either the true cross section set exists outside the training data used in this work or experi-

mental noise was affecting the consistency of data between mixture ratios. In particular, it is

crucial to verify the excitation thresholds used where possible as incorrect threshold energies

would hinder the resulting prediction.

The inclusion of HFO1234ze(E)/Ar was found to be particularly problematic for the network

regression, which could be a result of differences in the stated diffusion coefficient between the

ETHZ group and others. However, the significance of this difference was not investigated here

and is left for future work. In addition, HFO1234ze-N2 mixtures were not used in this work as a

complete cross section set that included rotation cross sections was not compiled. The inclusion

of N2 would provide additional leverage to unfold the true cross section set and is left for future

work.
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Figure 5.5: Iterative deep learning fit of HFO1234ze(E)’s electron scattering cross section set

using only the pure gas transport coefficients. Shown here is all the associated effective ionisa-

tion rates (right column), bulk drift velocity (left column) and reduced longitudinal diffusion

coefficient (center column) compared with the ETHZ experimental data [54,242,255]. Transport

coefficients for the pure (top row) are shown along with HFO1234ze(E)/CO2 (middle row) and

HFO1234ze(E)/SF6 (bottom row) mixture data.
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Figure 5.6: Iterative deep learning fit of HFO1234ze(E)’s electron scattering cross section set

using both pure and HFO1234ze(E)/CO2 transport coefficients. Shown here is a all the associated

effective ionisation rates (right column), bulk drift velocity (left column) and reduced longitudinal

diffusion coefficient (center column) compared with the ETHZ experimental data [54, 242, 255].

Transport coefficients for the pure (top row) are shown along with HFO1234ze(E)/CO2 (middle

row) and HFO1234ze(E)/SF6 (bottom row) mixture data.
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Figure 5.7: Iterative deep learning fit of HFO1234ze(E)’s electron scattering cross section

set using pure, HFO1234ze(E)/CO2 and HFO1234ze(E)/SF6 transport coefficients. Shown

here is all the associated effective ionisation rates (right column), bulk drift velocity (left

column) and reduced longitudinal diffusion coefficient (center column) compared with the ETHZ

experimental data [54, 242, 255]. Transport coefficients for the pure (top row) are shown along

with HFO1234ze(E)/CO2 (middle row) and HFO1234ze(E)/SF6 (bottom row) mixture data.
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Chapter 6

Conclusion

6.1 Summary

Understanding of electron transport through gases and soft-condensed matter is crucial for the

development of a number of crucial technologies and applications. Applications of electron scat-

tering are widely varying and include important fields such as radiation therapy, plasma medicine,

dielectric insulators and liquid particle detectors. The advancement of these technologies relies

on utilising an understanding of microscopic electron interactions with complex targets to inform

modeling methods and gain predictive control of the system. The scope of this thesis has been to

develop new techniques and improve existing methods that aid in developing our understanding

of electron scattering mechanics through liquids and complex biological matter. There exist two

gaps in existing methods that motivate this work.

The first gap is a limited ability of experimental techniques to measure electron scattering

directly from liquid targets in a vacuum environment. In this work, we have presented a new

experiment that utilises a 15−40μm jet of liquid water to produce a stable scattering surface

within a vacuum environment. To aid in the development of the experiment, a Monte Carlo

simulation package was extended and used to conduct a sensitivity study of the experiment.

We found some promising dependence of the electron signal on the relative magnitude of

cross sections and the differential cross section. However, the effects of multiple-scattering

substantially convoluted this dependence, resulting in a highly ill-posed problem.

Considering this, we implemented a deep learning approach that has previously shown

promise in aiding the derivation of cross sections from the ill-posed inverse swarm problem.

Using simulations of the experiment to generate a wealth of training data for the network, we

have shown that deriving both the elastic momentum transfer and ionisation cross sections of

neon was feasible, assuming knowledge of each other cross section. The extension to deriving

each excitation cross section however was not possible, without further improvements to the

methods used or additional measurements.
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Following this, the liquid micro-jet experiment was setup at Flinders University and initial

tests were conducted. We first calibrated the scattering chamber with the aid of the Monte Carlo

simulation package before presenting initial measurements of the energy loss spectra for both

the liquid jet and an effective gas jet. Due to time limitations, the measurements have limited

validity due to a) the presence of magnetic fields and b) instabilities of the jet that may have

caused inconsistencies in the chamber pressure. Regardless, promising similarities were found

between the measurement obtained and an equivalent simulation using an existing cross section

set for water. Some discrepancies in the excitation signal were observed however, which, in

addition to the need for robust and well calibrated measurements, motivates the need for further

investigation.

The second gap in existing knowledge that we aimed to address in this work, is the ill-posed

nature of the inverse swarm problem for the determination of complete sets of electron impact

cross-sections. Two improvements were made that extend the existing deep learning solution

of the problem. First, we developed a branching network architecture and demonstrate that,

when compared to an equivalent conventional network, leverages a physics-informed design to

efficiently derive physically sound cross section sets. We then developed an iterative approach

that further refines the initial solution found by the network using training sets consisting of

perturbations of the previous solution found. By restricting the solution space in subsequent

networks, we demonstrate that the network is able to substantially improve the solution to both

match the target transport coefficients and replicate the underlying cross section set.

Finally, we applied this technique to the derivation of an electron scattering cross section set

for HFO1234ze(E), a proposed lower global warming potential alternative to SF6 in dielectric

insulators. We present for the first time, as far as we are aware, a self-consistent cross section

set for HFO1234ze(E) that replicates the positive synergy effect observed in mixtures with

SF6. We also investigate the importance of using mixture data to inform derivation techniques

through the incremental inclusion of mixtures with CO2 and SF6. While we find reasonable fits

of the transport data available, the results indicate that there is still room for improvement in the

iterative deep learning procedure, or the assumptions used here, to achieve a robust and general

regression of complete cross section sets.

Overall, through this work we have advanced both experimental and numerical techniques

used for the derivation electron scattering cross section sets for liquids and complex gases.

We have presented a new experiment that is able to directly measure electron scattering from

liquids under vacuum conditions. A Monte Carlo package was also developed to investigate the

potential applications of the experiment and guide its design before conducting the first direct

electron-liquid scattering measurements at Flinders University. In addition, we have presented a

new deep learning technique that addresses, in part, the ill posed nature of solving the inverse

swarm problem for complex molecules. Finally, we applied this technique to produce the first
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self-consistent electron-scattering cross section set for HFO1234ze(E), a proposed low global

warming potential alternative for the insulation of high voltage equipment.

Together, these advances broaden the horizon for particle physics through new techniques

that leverage the union of deep learning and electron-scattering experiments.

6.2 Recommendations for future work

Both the liquid micro-jet experiment and iterative deep learning method developed here present

several opportunities to both refine their methods and extend their application.

6.2.1 Liquid micro-jet

While the methodology presented here shows promise, we were unable to validate the stability

of the jet over longer time periods and the reproducibility of the measured data. Validating this

procedure and making any necessary modifications to improve stability and reproducibility is

required for future investigations. This could include:

• Alignment rods fed through each detector could be used to ensure the interaction region

may be located precisely.

• A Faraday cup could be used to determine a reference intensity for the electron beam and

the alignment of the jet.

• As seen in the work of Nag et al. [257], switch samples while ensuring continuous flow

would allow the use of high vapour pressure samples like isopropyl alcohol to start the jet

under vacuum by preventing freezing due to the inconsistent nature of initial sample flow.

• Measurements of the positional dependence of the electron signal to investigate the cause

for the inconsistency observed in this work.

• Reproduction of each measurement presented here with minimal interference from Earth’s

magnetic field through the use of the Helmholtz coils.

In addition, there are unanswered questions surrounding the derivation of cross sections from

the LμJ experiment:

• While an attempt was made to use deep learning to resolve the differential cross section

from angle dependent scattering data, this work was not completed. Initial results indicated

that the degree of forward or backward scattering could be determined, but that the

functional features within the DCS were more difficult to resolve. This indicated that

the data provided, which were angle dependent intensity spectra only, was degenerate in

nature.



84 CHAPTER 6. CONCLUSION

• The methods discussed in Chapter 4 could be utilised to improve the predictions made

in Chapter 2. The iterative deep learning technique is designed to alleviate some of the

problems of solving problems with degenerate solution spaces and thus could be used.

• Additional experimental data, particular those that could provide a reference intensity for

the measured spectra such as a Faraday cup or gas phase measurements, could also reduce

the degenerate nature of the problem.

• In Chapter 3, improvements were made to the Monte Carlo simulation to better reflect

the experimental noise in the measurements and the true dimensions of the experimental

setup. Despite this, it is important that the cause for the discrepancies observed between

the measured and simulated data are identified and accounted for in the simulation. While

these might make minimal improvements to the predictions made, it would be informative

to replicate the procedure with the improved simulation.

6.2.2 Iterative deep learning technique

The iterative deep learning technique presented in Chapter 4 leaves several open questions and

opportunities to explore in future investigations.

• The iterative deep learning procedure presented was demonstrated using only methane

as a case study due to computational limitations. While methane is an optimal case

study for this method, extensive benchmarking of the network across multiple test cases

would provide valuable insights into its limitations and provide a robust foundation for its

application to new targets.

• In its application to HFO1234ze(E) in Chapter 5, we used only a select few mixture ratios

and pressures as inputs into the network. One reason for this was computational efficiency,

but another was that the network performance would degrade with increasing inputs. This

could be due to experimental inconsistencies or the network being unable to appropriately

prioritise features within the input array. Several techniques could be implemented to

improve this so that all available data can be utilised:

– The transport data could be parameterised by an appropriate function

– The use of ‘attention’ type network architectures could be investigated so that the

network ‘learns’ the important features of the input.

– A different activation function for the input layer could potentially assist the network

in discriminating between inputs.

– Random sampling of transport mixture ratios and pressures between iterations could

improve the generality of the regression.
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• The inclusion of convolutional network layers and other deep learning frameworks could

reveal additional improvements to the procedure.

• Genetic algorithms may be a viable alternative to the traditional deep learning approach.

• In the work presented here, we assume knowledge of the energy loss thresholds. This is

not strictly necessary for the network. However, including the prediction of thresholds

would introduce substantial degeneracy in the training data. Some options include:

– Restricting the network to effective thresholds that are limited to certain energy

regions. For example, an energy loss processes for each of rotation, vibration,

excitation and dissociation would make a logical first step.

– Starting with fewer threshold processes and splitting or adding processes according

to some random and/or deterministic criteria at subsequent iterations. This would be

similar to a genetic algorithm.

• In the work of Jetly et. al. [105], dropout was used to approximate the uncertainty of the

network. This, or other techniques like mixture density networks or Bayesian networks,

could be used in conjunction with the iterative technique to provide an additional constraint

to the training data of subsequent iterations. An attempt was made to include dropout for

this purpose, which showed some promise, but this work was not completed.

The development of a self-consistent and complete set of cross sections for HFO1234ze(E)

requires further research to answer the following:

• In this work, we restricted the iterative deep learning technique to vibrational threshold

energies determined from infra-red spectroscopy. There remains some uncertainty elec-

tronic excitation and dissociation processes however. Density functional theory was used

by Eguz̈ et al. [245] to determine the first electron excitation energy but its accuracy

and whether other processes might exist is unclear. An attempt was made to include an

excitation process between 5 and 12eV but it was difficult to determine the improvements

offered by its inclusion due to the significant computational burden of the technique.

• Due to the number of similar vibrational processes, future work could be restricted to

effective cross sections to reduce the dimension and degeneracy of the fit if the accuracy of

threshold energies were not important to the potential application of this cross section set.

• Mixture data with Ar and N2 were not included here. For Ar, a cross section set that

replicates the pure Ar transport data from the ETHZ group could resolve the difficulties

encountered in this work using that data. The same could be said for N2, SF6 and CO2 if

indeed there are systematic difference in the transport data produced between different
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experiments. For N2, a full set including its rotation cross sections was not obtained for

this work.

In addition to the research questions outlined above, it is useful to note that during this work,

an ecosystem of packages was developed using the Julia programming language. The Monte

Carlo simulation software, the Boltzmann solver and the deep learning code were developed as

packages with the goal of seamless integration of data structures between each package. Every

attempt was made to ensure each package is flexible and general in nature. This ecosystem

provides a powerful engine for electron and positron transport problems. The inclusion of

packages that interpret raw experimental data from experiments such as the pulsed Townsend

experiment and fluid simulation packages holds great potential for numerous future applications.

The publication of these packages as open source software would be beneficial to increase the

reproducibility of this and future work.
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[100] C. Ramsauer, Über den Wirkungsquerschnitt der Gasmoleküle gegenüber langsamen Elek-
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Appendix

A.1 Benchmarking of the liquid micro-jet simulation

Throughout the development of the present MC simulation, systematic benchmarking was

conducted through comparisons of transport coefficients for swarm experiments under highly

non-equilibrium conditions (Appendix A.1.1). Further, we have developed a relatively simple

analytic model for the EELS and have systematically benchmarked the simulation against this

(Appendix A.1.2).

A.1.1 Swarm benchmarks

In this section, we first present Lucas and Saelee’s electron impact ionisation model to evaluate

the accuracy of elastic, inelastic and ionisation collisions [258]. We then present a modified

Percus-Yevic benchmark [259], to benchmark the liquid scattering dynamics discussed in Section

2.3.1. Lucas and Saelee’s electron impact ionisation model is defined as the following:

σelastic = 4U− 1
2 Å

2
,

σinelastic =

⎧⎨
⎩0.1(1−F)(U −15.6) Å

2
, U ≥ 15.6 eV

0, U < 15.6 eV

σionisation =

⎧⎨
⎩0.1F(U −15.6) Å

2
, U ≥ 15.6 eV

0, U < 15.6 eV

E/n0 = 10 Td,

m/m0 = 10−3,

T0 = 0 K, (A.1)
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Table A.1: Swarm benchmark results for Lucas and Saelee’s electron impact ionisation using the

current MC code, presented alongside an independent solution to the Boltzmann equation [259].

Provided, for comparison, are the mean energy (ε), drift velocity (W ) and the transverse (DT ) and

longitudinal (DL) diffusion coefficients for each value of F . Note that error estimates are given

by the standard deviation of each transport coefficient with respect to time. For this benchmark

106 particles were simulated for n0t = 2×1016 sm−3, where averages were conducted over the

latter half of the simulation time.

F ε W n0DT n0DL
[eV] [104 ms−1] [1024 m−1s−1] [1024 m−1s−1]

0 [259] 5.565 7.319 27.26 26.54

Current 5.563 7.327 27.28 26.64

Uncertainty 0.0001 0.003 0.03 0.04

0.5 [259] 5.224 8.593 27.26 28.65

Current 5.223 8.594 27.23 28.62

Uncertainty 0.001 0.005 0.04 0.07

1 [259] 4.969 9.474 27.23 29.33

Current 4.968 9.487 27.25 29.42

Uncertainty 0.002 0.008 0.05 0.01

where U is energy in eV, E is the electric field, m is the electron mass, n0 and m0 are the

background density and mass, respectively, while F is a parameter introduced to control the ratio

of ionisation to inelastic collisions and reduced electric field, E/n0, is given in Townsend units

of Td = 10−21 Vm2. This model’s strength comes from the fact that the total cross-section is

independent of F . Therefore, variation of the ratio between ionisation and inelastic collisions

allows for the isolation of the effects produced by each collision type. The results of this

application are shown in Table A.1 for F values of 0, 0.5 and 1, with excellent agreement being

found between the Boltzmann equation and present MC results for each transport coefficient.

We also present results from an adaptation of the Percus-Yevick model liquid benchmark,

where the elastic cross-section is held constant and an additional, low energy inelastic cross-

section is included:

σelastic = 6 Å
2
,

σinelastic =

⎧⎨
⎩0, U < 2 eV

0.1 Å
2
, U ≥ 2 eV

φ = 0, 0.2, 0.3, 0.4

m0 = 4 amu,

E/n0 = 3 Td,

T = 0 K, (A.2)

where φ is the so-called packing factor. For this model, a representative structure factor, detailed

in [259], was implemented to verify coherent scattering. The time-averaged values are presented
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Table A.2: Swarm benchmark results for our modified Percus-Yevik benchmark (equation

(A.2)), from the current MC code, presented alongside an independent solution to the Boltzmann

equation [259]. Provided, for comparison, are the mean energies (ε), drift velocities (W ), and

the transverse (DT ) and longitudinal (DL) diffusion coefficients for each value of φ . Note that

error estimates are given by the standard deviation of each transport coefficient with respect to

time. For this benchmark 105 particles were simulated for varying times, where averages were

conducted over the latter half of the simulation time.

φ ε W n0DT n0DL
[eV] [104 ms−1] [1024 m−1s−1] [1024 m−1s−1]

0. [259] 0.833 1.385 2.38

Current 0.834 1.384 2.825 2.38

Uncertainty 0.0001 0.001 0.017 0.02

0.2 [259] 0.976 3.397 6.32

Current 0.977 3.388 9.09 6.35

Uncertainty 0.0001 0.003 0.04 0.05

0.3 [259] 1.080 5.929 11.2

Current 1.080 5.915 17.92 11.1

Uncertainty 0.0001 0.001 0.009 0.01

0.4 [259] 1.233 10.52 19.51

Current 1.234 10.50 34.97 19.51

Uncertainty 0.0001 0.004 0.013 0.013

in Table A.2, for various values of the packing factor φ , which is proportional to the density of

the liquid used. Again, excellent agreement between the Boltzmann equation and present MC

results, for each transport coefficient, is observed.

A.1.2 Beam benchmark

In this section, we derive a simplified analytic expression for results from reflected EELS

measurements from an infinite half-plane given the underlying scattering cross-sections. We first

note that, due to threshold excitation collisions, distinct peaks are expected to be observed in the

EELS. The relationship between each scattering process (i.e. elastic, excitation and ionisation

collisions) and their associated cross-sections, and the area of the corresponding EELS peak can

be represented through an infinite series. Given the probability, pn, of an electron escaping the

jet after n collisions, the integral of an observed elastic scattering peak over the EELS, I (ε), is

given by the infinite series:

p1
σel (εc)

σt (εc)
+ p2

(
σel (εc)

σt (εc)

)2

+

p3

(
σel (εc)

σt (εc)

)3

+ ...=
1

N

∫
el

I (ε)dε, (A.3)
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where the integration bound el is the peak width associated with pure elastic collision paths, ε
is electron energy, σel and σt are the elastic and total cross-sections, respectively, and N is the

initial number of electrons. For notation purposes, the left-hand side of equation (A.3) has been

simplified as each subsequent collision will result in small energy losses that are encompassed

by εc. Assuming a single collision, equation (A.3) reduces to:

p1
σel (ε0)

σt (ε0)
=

1

I0

∫
el

I (ε)dε, (A.4)

where ε0 is the initial energy. If we denote the unknown background medium with the subscript

un, and introduce a reference medium re f , we can then use the ratio of their peaks to arrive at

the following relationship:

σun
elastic (ε0)

σun
total (ε0)

=
pre f

1

pun
1

Ire f
0

∫
el Iun (ε)dε

Iun
0

∫
el Ire f (ε)dε

σ re f
total (ε0)

σ re f
elastic (ε0)

. (A.5)

Given the above relationship and assuming that pun
1 = pre f

1 = 1, due to a restriction to single

scattering events, such as with beam experiments in the gas-phase, we can then derive unknown

cross-section sets given the reference cross-section sets and the experimental limitations being

considered. Attempts to extend this to include multiple collisions results in an ill posed set of

equations [260]. However, under certain assumptions, limited analytical expressions can be

derived, which are subsequently used for benchmarking the developed MC simulation package.

Equation (A.3) can be used to derive an expression for each peak within the EELS, assuming

we know the cross-section set and each probability pn. Using a known cross-section, we thus

seek an analytical or numerical solution for pn. First, we consider the case for p1. To escape,

each electron must travel a distance s1 without colliding, and then undergo a collision before

travelling a distance s′ towards the surface without undergoing another collision. If we assume a

constant cross-section, the probability that a collision will occur at some distance s is given by

the following:

p(s)ds =
1

l
exp

(
−s

l

)
ds, (A.6)

where l is the mean free path. Assuming now isotropic scattering, the probability of scattering

with azimuthal angle χ and polar angle ψ , with respect to the initial velocity, is given by:

p(χ)sin χdχ =
1

2
sin χdχ, (A.7)

where the ψ dependence has been integrated over and normalised. Each detected electron then

escapes the jet by travelling a distance s′, defined through:

s′ =− s
cos χ

. (A.8)
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The probability to not collide in some distance s′, is given by the cumulative distribution function

(CDF):

P(s > s′) = 1−
∫ s′

0

1

l
exp

(
−s′′

l

)
ds′′, (A.9)

P(s > s′) = exp

(
s

l cos χ

)
. (A.10)

To couple the spatial and angular probability densities, we multiply equations (A.6), (A.7) and

(A.10) together to obtain the probability that an electron will escape after a collision at distance s

and angle χ:

P(χ,s)sin χdχds =
1

2l
exp

(
−s

l

)
exp

(
s

l cos χ

)
sin χdχds. (A.11)

After performing a variable change to energy loss u f , and utilising the following:

du f

dχ
=

2mm0

(m+m0)
2

sin χ, (A.12)

where m and m0 are the electron mass and target mass, respectively, then integrating equation

(A.11) with respect to
(
u f ,s

)
we arrive at the expression for p1:

p1 =
∫

1

2

[
(m+m0)

2

2mm0
− 1

u f

]
du f . (A.13)

We then extend the method to calculate p2, which requires the use of numerical integration

techniques. Each electron now initially travels a distance s1 and s2, before each collision. The

detected electron must then travel a distance s′, towards the surface to escape. Note that the

scattering angles χ and ψ , are now relative to the direction of motion prior to each respective

collision. The probability that an electron will undergo each collision at s1 and s2, with scattering

angles of (χ1,ψ1) and (χ2,ψ2), before escaping after some distance s′, is given by:

P
(
s1,s2,s′,χ1,χ2,ψ1,ψ2

)
=

1

16π2l2
exp

(
−s1

l

)
exp

(
−s2

l

)
exp

(
−s′

l

)
, (A.14)

where s′ is represented through a similar CDF as equation (A.10). Assuming an initial position

of�r = [0,0,0], velocity�v = [0,0,vz], and a jet surface along rz = 0, each detected electron must

return to the surface defined by rz = 0. To achieve an expression for this, we rotate the reference

frame of the second collision by χ1, about an appropriate unit vector, to the initial frame of

reference according to Rodrigues’ rotation formula. The z co-ordinate after two collisions is then

given by:

rz = s1 + s2 cos χ1 + s′ (cos χ1 cos χ2 − sin χ1 sin χ2 cos(ψ1 −ψ2)) .

Setting rz = 0, we arrive at an expression for s′:

s′ =− s1 + s2 cos χ1

cos χ1 cos χ2 − sin χ1 sin χ2 cos(ψ1 −ψ2)
.
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Substituting this into equation (A.14) we find:

P(s1,s2,χ1,χ2,ψ1,ψ2) =
1

16π2l2
exp

(
−s1

l

)
exp

(
−s2

l

)
× exp

(
1

l
s1 + s2 cos χ1

cos χ1 cos χ2 − sin χ1 sin χ2 cos(ψ1 −ψ2)

)
.

(A.15)

The integration of equation (A.15) over the appropriate limits, along with a transformation of

variables to energy loss, gives p2. Any non-physical limits were removed using step functions,

and they are detailed in what follows. First, bounds for which s′ < 0 were removed as if s′ < 0 the

electron has already escaped after a single collision and is accounted for in p1. Additionally, any

divisions by 0 were also removed. Extending this methodology to higher terms is theoretically

possible. However, in this investigation we include only p1 and p2 due to limitations in the

available computation power.

For illustrative purposes and a comparison, a MC simulation of a 15μm LμJ was then

considered with the following model:

σelastic = 1Å
2
,

σinelastic,1 =

⎧⎨
⎩0, ε < 0.3eV

1Å
2
, ε > 0.3eV

,

σinelastic,2 =

⎧⎨
⎩0, ε < 0.5eV

1Å
2
, ε > 0.5eV

,

n0 = 2.13×1028 m−3. (A.16)

Additionally, a numerical integration (using a Monte Carlo technique) was conducted for up

to two collisions, and compared with the simulated results in Figure A.1. MC simulations that

measure both all and up to 2 collisions are included as separate series. Also included as shaded

regions are error estimations based upon standard deviations between successive simulations.

Excellent agreement was found for up to two collisions. While being somewhat limited in scope,

this benchmarking further lends confidence to the accuracy of the simulation.
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Figure A.1: Comparison of the elastic peak in the EELS using a MC simulation including

all collisions (red line), a MC simulation with 2 collisions (black line) and a Monte Carlo

integration of 2 collisions (black dots). Shaded areas indicate the standard deviation of successive

simulations. Resulting from single collisions, a large clear initial hump is present and consistent

between all three models. A sharp drop-off followed by a decaying tail, then represents electrons

that underwent multiple collisions. Excellent agreement was found between both the numerical

and Monte Carlo method.

A.2 Deep learning technique

A.2.1 LXCat data augmentation

To provide the network with sufficient training samples, we implement the data augmentation

method first presented by Stokes et. al. [1]. First, we collate an appropriate set of physically

plausible example swarm transport data using cross-sections from the LXCat project [52, 72, 73].

Following the method outlined in the work of Jetly et al. [105, ], from a total of 397 elastic and

effective cross-sections available, 3 groups of similar features were created by visual inspection.

The total number of cross-sections contained in each group were 60, 130, and 197. In addition,

6763, 451 and 332 cross-sections in total were present for excitation, ionisation and attachment

processes respectively.

In each iteration, we then generate a database of example cross-sections through a randomised

mixing of cross-section pairs using a weighted sum in log space, [1]:

σs (ε) = σ1−r′
1

(
ε − ε1 + ε1−r′

1 εr′
2

)
σ r′

2

(
ε − ε2 + ε1−r′

1 εr′
2

)
, (A.17)

where σ1 and σ2 are a random pair of LXCat electron scattering cross-sections, sampled from

the available targets, for a given process type (e.g., excitation, ionisation, etc.), while ε1 and ε2

are their respective threshold energies. The parameter r′ is a pseudo-random mixing ratio. To

help ensure a physical representation of cross-sections within the training set, a scaled Laplace
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distribution truncated to the domain r ∈ [0,1.5] was chosen to bias r′ towards small perturbations

around each example cross-section. Any decaying distribution may be sufficient for this purpose

however. Ratios greater than 1 are used here to accentuate cross-section features found within the

sample set to reduce the extend of outliers within the set. Note that for the elastic cross-section,

we sample two cross-sections from the three groups so that each group is equally represented in

the training set.

In addition, due to the limited nature of the available data, the solution may exist at the

extremes of the available training data which can introduce unwanted bias in the data augmen-

tation process. To alleviate this, Equation A.17 is modified such that the energy domain and

magnitude of each cross-section are multiplied by the scaling factors 10a and 10b respectively.

Each factor is a pseudo-random number uniformly distributed within a defined range. Here, we

set a ∈ [−0.5,0.5] ,b ∈ [−0.5,0.5] for elastic cross-sections, a = 0,b ∈ [0,2] for excitation cross-

sections, a = 0,b ∈ [0,1] for ionisation cross-sections and a ∈ [−1,1] ,b ∈ [−1,1] for attachment

cross-sections. Each was chosen to reasonably extend the extent of the available training data.

Finally, we log transform then scale each cross-section between −1 and 1. If a cross-section

magnitude is below δ = 10−6, it is replaced by 10−7 before applying the transform.

For each generated cross-section set, the resulting transport coefficients are calculated

through a multi-term Boltzmann equation solver according to the target experimental transport

coefficients. If a particular set results in non-physical transport coefficients, the set is removed

from the training set and a new set is found until the condition is satisfied. For this investigation,

physical transport coefficients are defined as W > 0 and n0DL > 0, where the electric field is

directed along the negative z-axis. In addition, we apply a logarithmic transformation to ensure

that all inputs and outputs of the network are dimensionless and lie within [−1,1], with special

consideration given to keff due to the presence of negative values. The vectors k+
eff and k−

eff are

created to represent the positive and negative portions of the original input respectively. For k+
eff,

each negative value is set to a sufficiently small positive value while for k−
eff, each positive value

is set to a sufficiently small negative value before taking the absolute value of each.

A.2.2 Training procedure

Training of the network is conducted using a mini-batch of 32 cross-section sets evaluated at

128 energies for a particular iteration. Each weight and bias is then updated using the ‘NAdam’

optimiser [185] with a learning rate of 0.001 and 0.9 and 0.999 as the exponential decay for the

first and the second momentum estimate respectively. For each batch, random noise is applied

to each transport coefficient. Noise is sampled from a lognormal distribution with a standard

deviation chosen to replicate experimental uncertainties typically observed for each transport

coefficient.

The prediction of multiple cross-sections of the same collision type has previously been
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shown to be a highly degenerate problem, particularly in the case of excitation collisions [1]. To

emphasise the importance of the total cross-section, we use a loss function that includes a penalty

for the total cross-section for each process type, in addition to each individual cross-section. The

loss function is defined as follows,

L =
1

I

I

∑
i

1

Mi +1

[
∑

σ∈σσσ i

|σ − σ̂ |+
∣∣∣∣∣ ∑
σ∈σσσ i

σ − ∑
σ∈σσσ i

σ̂

∣∣∣∣∣
]
, (A.18)

where σσσ i is the set of Mi cross-sections for the collision type i, I is the number of collision types

present and σ̂ is the predicted cross-section. Note that the calculation of the total cross-sections

is conducted in linear space before scaling is re-applied.

To validate the network, we set aside 5% of the available cross-sections for each collision

type to form the basis of our validation set. In the case of the elastic cross-sections, 5% of each

of the feature groups is selected. The chosen validation cross-sections then undergo the same

data augmentation as the training data to produce 100 samples. Every 100 iterations we test the

network on the validation set and calculate the MARPD over the energy domain,

MARPD =
1

I

I

∑
i

∣∣∣∣100× σt,i − σ̂t,i

|σt,i|+ |σ̂t,i|
∣∣∣∣ , (A.19)

where σt,i is the total cross-section for the collision type i. During training, the validation loss is

used to both compare network parameters and aid in preventing overfitting.

In addition, every 10 training iterations we store the neural network’s prediction of the target

transport data and compare the resulting transport coefficients. Due to the presence of multiple

distinct fit parameters, we repeatedly select one random parameter and then remove the worst

predicted cross-section set until only one remains. This process is then replicated 1000 times

before the cross-section set which appears most frequently is chosen as the best overall fit. As

desired, the best overall fit can be removed, and the processes repeated to find the next best fit.

To select each hyperparameter, a simple tuning process was conducted that compared the

validation loss between reasonable values for batch size (32, 64, 128), number of hidden layers

(2, 3, 4, 5), hidden layer size (32, 64, 128, 256) and the optimiser used (NAdam, Adam).

For simplicity, this processes was conduced with a conventional ANN in which each layer

contained an equal number of neurons and the output consisted of an elastic and ionisation cross-

section along with three electronic excitation cross-sections. The tuning processes indicated

that 4-5 hidden layers with 128-256 neurons resulted in the smallest validation error. Due to

computational limitations, a more extensive tuning that includes branching hidden layers and a

greater variation of parameters was not conducted.





And so, does the destination matter? Or is it the path we take? I declare that no accomplishment
has substance nearly as great as the road used to achieve it. We are not creatures of destinations.
It is the journey that shapes us. Our callused feet, our backs strong from carrying the weight of

our travels, our eyes open with the fresh delight of experiences lived.

Brandon Sanderson,

The Way of Kings
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