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Plasma-surface interactions are an important effect in laboratory plasmas, but too compli-

cated to be modelled directly in plasma simulations. However, plasma surface interactions

can be modelled by Transport and Range of Ions in Matter (TRIM) simulations based on a

binary collision approximation of energetic ions impinging on a stationary material. In this

work artificial neural networks are used to generate a model of TRIM simulations for the

energy-angular distribution of ions observed at the boundary of a five-moment simulation of

the sheared-flow-stabilized (SFS) z-pinch fusion experiment at the University of Washington

for graphite and tungsten walls. The trained network then approximates plasma-surface

interactions for conditions relevant to the SFS z-pinch fusion experiment. Connecting this

model to a plasma simulation as a boundary condition promises to account for plasma-surface

interactions for minimal computational expense. To this end boundary conditions represent-

ing graphite and carbon walls have been developed for the 5N moment plasma model using

the trained models.
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GLOSSARY

DISCONTINUOUS GALERKIN: A class of numerical methods for solving differential equa-
tions, abbreviated as DG.

EPOCH: One iteration through the training dataset by a machine learning algorithm.

HYPERPARAMETER: A parameter of a machine learning algorithm used to control the
training of the model.

JUPYTER NOTEBOOK: A computational document combining runnable code, text, and
images.

MACHINE LEARNING: The study of algorithms that learn from data.

NEURAL NETWORK: A computational model for approximating functions loosely based
on biological neural networks, also called a multilayer perceptron and sometimes ab-
breviated as ANN for artificial neural network.

REGEX: A method of searching through text using a sequence of special characters.

PYSRIM: A Python package for running TRIM calculations and parsing the output cre-
ated by Christopher Ostrouchov.

SFS: An abbreviation for sheared-flow stabilized, a Z-pinch plasma with an introduced
axial flow that helps with mitigating plasma instabilities.

TENSORFLOW: A library for machine learning, particularly neural networks, created and
maintained by Google.

TRIM: Transport and Range of Ions in Matter, a Monte Carlo program simulating ion-
material interactions using the binary collision approximation.

WARPXM: A program in the WARP (Washington Approximate Riemann Plasma) group
of programs used for plasma simulation developed at the University of Washington.

WARPY: A Python interface for WARPXM providing a convenient level of abstraction.
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1

Chapter 1

INTRODUCTION

Since its inception science has sought to model natural phenomena so that they can be

studied and understood. This tradition has extended to the study of plasmas, the fourth state

of matter. Analytical models have been developed to study plasmas at the levels of individual

particles, fluids, or as a single fluid. These models have proven incredibly useful for studying

plasmas and have been used to discover and describe phenomena of all sorts. However, some

plasma phenomena have proven resistant to analytical modelling. One such phenomena is

plasma-surface interactions, what happens when a plasma is in contact with a material. At

the level of ions and electrons (the constituent particles of a plasma) the potential outcomes

of the interaction are few, and techniques have been developed to determine which of the

possible outcomes are most likely to occur. At the level of a complete plasma more outcomes

are possible and determining which of those will occur is difficult. In this work we set out

to use machine learning to generate a surrogate model for plasma surface interactions based

on techniques developed for individual ions.

1.1 Expected Benefits

A very reasonable question to ask is why accounting for the effects of plasma-surface inter-

actions is important and why machine learning was used to account for this effects instead

of some other method. Accounting for the effects of plasma-surface interactions is important

for the same reasons that having accurate models of any physical phenomena is important.

Having accurate models allows for easier understanding of complex phenomena and the cre-

ation of useful devices based on those phenomena. For plasmas specifically fusion energy is

a promising concept and devices built to achieve fusion require models of their internal phe-
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nomena to determine engineering constraints. If the model isn’t accurate the device won’t

function properly and effort and expense will have to be expended to correct for the mistake.

In our case specifically, fusion models based on simulations that don’t properly account for

plasma-surface interactions will have unexplained losses since sputtering is a significant loss

mechanism through bremsstrahlung and the introduction of lower energy particles to the

plasma and backscattered ions lose energy in the process of being backscattered. Machine

learning is used to account for the effects of plasma-surface interactions on account of their

being too complicated to model analytically. Instead an empirical approach can be taken,

with the complicated program TRIM being used to generate data about plasma-surface in-

teractions for a range of parameters applicable to a given plasma simulation. This data can

then be used to train a machine learning model. Once trained this model can be evaluated

very quickly for any given data. Other approaches to generating approximations to the

generated data are possible but machine learning is a natural choice to do its dealing with

high-dimensional input and output data, robustness to noise, and the speed at which models

can be evaluated. Dealing with high-dimensional input and output data is important since

TRIM takes multiple inputs to produce output, and outputs many different values about the

input conditions. Robustness to noise is important since TRIM uses many random numbers

in its computations and this inherently leads to noise in its outputs. The speed at which

models can be evaluated is paramount since this model will be forming a boundary condition

in the simulation and therefore need to be evaluated at every point on the boundary it is

applied to.

1.2 Plasma-Surface Interactions and TRIM

The heart of this work is the program TRIM, short for Transport and Range of Ions in Mat-

ter, created by James F. Ziegler[24]. TRIM is part of a group of programs known as SRIM,

for Stopping and Range of Ions in Matter, which calculate many features of the transport of

ions in matter. TRIM is a Monte Carlo program simulating ion-material interactions using

the binary collision approximation. This approximation is that an ion travelling through a
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material undergoes a series of collisions with single atoms and travels in a straight line be-

tween collisions. TRIM simulates energetic ions impinging on a material given the ion’s angle

of incidence and energy and some information about the material. Since plasmas contain

many energetic ions it is reasonable to consider using TRIM to account for what happens

when the ions in a plasma impinge on a wall. However TRIM has some practical issues when

being considered for use in a plasma simulation. Firstly TRIM is a standalone program that

doesn’t easily integrate into plasma simulations using traditional programming languages.

Secondly, TRIM considers individual ions while most plasma simulations of practical devices

use fluid models due to computing limitations. Finally, TRIM is very slow to get accurate

results. Getting accurate results from TRIM requires simulation of thousands of ions and

each of these ions undergoes a considerable number of interactions that TRIM accounts for.

This work addresses all of these issues and allows for TRIM to be used indirectly in plasma

simulations.

In more detail TRIM simulates individual ions impinging on a target material that is

defined by the user. The target material can be made of any combination of elements,

predefined compounds, or custom defined compounds. Target materials can also be made of

up to 8 sequential layers of elements, predefined compounds, or custom defined compounds.

TRIM can also perform its calculations for materials in either the solid or gas phase, so the

state of matter of the material in each layer must also be specified. TRIM must also be

told the density of the layer, its width, and its stoichiometry. TRIM can be given a name

for each layer for use in generated plots. If using a custom material, or if desired, some

energy values that TRIM uses in its calculations must also be specified. These values are the

displacement energy, surface binding energy, and lattice binding energy. The displacement

energy is the energy that an atom recoiling from a collision needs to overcome the lattice

forces in the material and become displaced by more than a single atomic spacing away

from its original position. The surface binding energy is that energy that the atoms of

the target must overcome to leave the target of the surface. The surface binding energy is

particularly important for sputtering, which makes it particularly important for our usage,
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as we will see later. The lattice binding energy is the energy that every recoiling atom

loses when it leaves its lattice site and recoils in the target. Unlike the target material,

the incident ion is allowed only to be a single element. TRIM also takes the ion energy

and angle of incidence as input. The angle of incidence is relative to the surface normal,

which in TRIM is known as the x-direction. 0 degrees is then perpendicular to the target

material (which is assumed to be perfectly flat) and 90 degrees would be completely parallel

to the target material. TRIM allows angles of incidence between 0 and 89 degrees (since

a 90 degree angle of incidence wouldn’t intersect the target at all). TRIM also uses the

angle of incidence to define the y-direction, which the change in ion direction assumed to

be in the xy-plane and such that the path of any ions with an angle of incidence other

than 0 degrees is tiled towards the positive y-axis so the y coordinate of ions decreases as

they approach the target material, reaching the origin where the path of the incident ion

intersects the surface of the target material. The final piece of information that TRIM takes

as input is the type of calculation that the user would like to perform. TRIM is capable

of performing 7 different types of calculations, ion distribution and quick calculation of

damage, detailed calculation with full damage cascades, monolayer collision steps, calculation

of surface sputtering, neutron/electron/photon cascades, various ion energy/angle/positions,

and special multi-layer biological targets. Since we are interested in sputtering effects, we

will always use the calculation of surface sputtering option. TRIM is generally run through a

GUI where all of the aforementioned information can be conveniently input, but can also be

run programmatically through packages such as PySRIM, about which we will have more to

say later. The GUI is shown as Figure 1.1. The GUI also generates plots that are useful for

visualizing how the TRIM calculation works, one of which is shown as part of Figure 1.2. In

this graph, the locations of collisions between the incident ions and lattice atoms are shown

as red dots. From this it should be clear that TRIM works by tracing the path of incident

ions through the material and simulating interactions through sampling statistical models,

hence its being a Monte Carlo program. The full TRIM GUI while TRIM is running is also

shown in Figure 1.2.
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Figure 1.1: TRIM’s GUI, its standard interface

As a result of a simulation TRIM outputs several files depending on the type of calcula-

tion being performed. Since we perform only calculations of surface sputtering, we focus on

the files output as a result of this calculation. Thirteen files are output for this calculation

containing information about various parts of the calculation that was just performed. For

our purposes, three of these outputs files are most relevant, these files are BACKSCAT.txt,

SPUTTER.txt, and TRIMOUT.txt. BACKSCAT.txt contains information about the par-

ticles that were backscattered (reflected by the material) in the calculation. Specifically it

contains the number of the ion in the simulation (e.g. the first ion incident on the material,

second ion, etc.), the atomic number of the ion, the energy of the ion, its last location while

being tracked in the simulation, and the cosines of its final direction while being tracked in

the simulation. The file SPUTTER.txt gives the same information about sputtered ions, and

the file TRIMOUT.txt gives the same information along with whether the ion in question

was sputtered, backscattered, or transmitted through the material. The file TRIMOUT.txt
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Figure 1.2: TRIM’s GUI while TRIM is running, showing some of the values calculated by

TRIM and a graph showing locations of simulated ion collisions with lattice atoms
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is formed from combining the files SPUTTER.txt, BACKSCAT.txt, and TRANSMIT.txt as

those files also have information about whether their atoms were sputtered, backscattered,

or transmitted, but the presence of the ion in that file makes that information redundant. A

sample TRIMOUT.txt file is included as Figure 1.3. This TRIMOUT.txt file in particular

is for carbon with an energy of 1 keV incident at an angle of 0 degrees from normal.

1.3 Ion-Material Interactions

Having now used the terms sputtering and backscattering many times, we now endeavor to

more clearly define them. Sputtering refers to the process of energetic ions bombarding the

surface of a material and causing particles from the material to be ejected from the material.

Sputtering is conventionally quantified using the sputtering yield, which denotes the number

of sputtered atoms usually ejected after one incident ion.

Sputtering Y ield =
Number of Sputtered Atoms

Number of Incident Ions
(1.1)

Sputtered atoms are neutral, which is why they are a big problem for fusion plasmas.

Atoms that are sputtered by the walls of a fusion experiment will be ionized by the plasma

which takes energy away from the plasma and makes it harder to reach ignition conditions.

Once being ionized, the ions of the sputtered material will still be present in the plasma

and due to their higher atomic number (since no experiment uses Hydrogen walls) they will

form a persistent loss mechanism through bremsstrahlung, which scales like the square of

the atomic number.

Backscattering refers to a particle that was initially incident on the material being re-

flected back away from the material. Backscattering is usually quantified using the backscat-

tering coefficient.

Backscattering Coefficient =
Number of Backscattered Ions

Number of Incident Ions
(1.2)

The other possible interactions when an ion is incident on a material are implantation or
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Figure 1.3: Sample TRIMOUT.txt, the file output by TRIM containing information about

sputtered atoms and backscattered ions that must be parsed
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transmission. In implantation the incident ion becomes lodged in the lattice of the material,

either replacing an atom that was initially there or filling a hole that existed previously.

Transmission occurs when the incident ion passes all the way through the material and

emerges from the other side. Note that the combined effects of implantation and transmission

are accounted for through one minus the backscattering coefficient since all incident ions

must be reflected back from the material, pass through the material, or become lodged in

the material.

1.4 Plasma Models and Simulation

Plasma simulation refers to any computational attempt to recreate a plasma and its evolution

in time and space. Plasma simulations are based on a particular analytical model of plasmas

and how they evolve. Simulations allow for the investigation of plasma phenomena at a level

of detail that is difficult to achieve in a laboratory environment, and with total knowledge of

the plasma. The simplest plasma models used for simulations treat the plasma as a collection

of particles evolving according to Maxwell’s equations and are known as particle-in-cell or

PIC methods. The particles in these methods are often not intended to represent individual

physical particles but instead to represent multiple particles as a ”superparticle.” Despite

this simplification, these models are too complex to be used for large scale phenomena

as the computational task quickly becomes infeasible. For more complex situations, fluid

models of plasmas are used instead. Instead of focusing on particles, these models evolve

fluid parameters in time according to governing equations. The most common of these fluid

models is the 5N moment model, which assumes a local Maxwellian distribution and achieves

a good balance between accuracy and computational complexity. The assumption of a local

Maxwellian distribution is motivated by the H-Theorem, which holds that any system with

collisions tends towards a Maxwellian distribution. The 5N name denotes that each species

in the model has five parameters that must be stored and evolved in time. The 5N moment

model is used for all simulations presented here and a derivation is presented in the next

section.
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1.5 The 5N Moment Plasma Model

The most natural description of a plasma is as a collection of particles of different species

subject to electromagnetic forces generated by other particles. This description leads to the

Klimontovich equation, which we present as Eq. 1.3. Along with its other defining relations

below.

dNα

dt
=

∂Nα

∂t
+

∂

∂q
· (q̇Nα) +

∂

∂p
· (ṗNα) (1.3)

q̇ = v⃗ (1.4)

ṗ = qc(E⃗ + v⃗ × B⃗) (1.5)

Where N represents a number density, q represents a generalized coordinate, p denotes

a generalized momentum, the subscript α denotes a specific species, v⃗ represents velocity,

E⃗ represents the local electric field and B⃗ represents the local magnetic field. Taking the

ensemble average of our discrete particle representation leads to the BBGKY hierarchy. This

can be expressed as a Boltzmann equation for each species, which we present as Eq. 1.6.

∂fα
∂t

+ v⃗ · ∂fα
∂x⃗

+
qα
mα

(E⃗ + v⃗ × B⃗) · ∂fα
∂v⃗

=
∂fα
∂t

∣∣∣∣
collisions

(1.6)

The zeroth moment of this equation is given by Eq. 1.7

∫
∂fα
∂t

dv⃗ +

∫
v⃗ · ∂fα

∂x⃗
dv⃗ +

∫
qα
mα

(E⃗ + v⃗ × B⃗) · ∂fα
∂v⃗

dv⃗ =

∫
∂fα
∂t

∣∣∣∣
collisions

dv⃗ (1.7)

After simplification this leads to the continuity equation for the 5N moment model, given

by Eq. 1.8.

∂nα

∂t
+∇ · (nαv⃗α) = 0 (1.8)

The first moment of the Boltzmann equation is given by Eq. 1.9.
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∫
v⃗
∂fα
∂t

dv⃗ +

∫
v⃗v⃗ · ∂fα

∂x⃗
dv⃗ +

∫
v⃗
qα
mα

(E⃗ + v⃗ × B⃗) · ∂fα
∂v⃗

dv⃗ =

∫
v⃗
∂fα
∂t

∣∣∣∣
collisions

dv⃗ (1.9)

Where we note that two vector quantities next to each other (e.g. v⃗v⃗) is evaluated as

a tensor product. After simplification this results in the momentum equation for the 5N

moment model, given by Eq. 1.10.

ρα(
∂v⃗α
∂t

+ v⃗α · ∇v⃗α) +∇pα +∇ ·
↔

Πα − qαnα(E⃗ + v⃗ × B⃗) =
∑
β ̸=α

R⃗αβ (1.10)

Where ρα = mαvα is the mass density of species α, pα is the pressure of species α, R⃗αβ

is the momentum transfer vector for species α and β, and
↔

Π is a stress tensor. Finally for

the 5N moment model we consider the reduced second moment of velocity, where instead of

evaluating v⃗v⃗ as a tensor product, we evaluate it as a scalar product v⃗ · v⃗ = v2, resulting in

Eq. 1.11.

∫
v2

∂fα
∂t

dv⃗ +

∫
v2v⃗ · ∂fα

∂x⃗
dv⃗ +

∫
v2

qα
mα

(E⃗ + v⃗ × B⃗) · ∂fα
∂v⃗

dv⃗ =

∫
v2

∂fα
∂t

∣∣∣∣
collisions

dv⃗ (1.11)

After simplification this results in the energy equation for the 5N moment model, given

as Eq. 1.12.

3

2
nα(

∂Tα

∂t
+ v⃗α · ∇Tα) + pα∇ · v⃗α +

↔

Πα : ∇v⃗α +∇ · h⃗α =
∑
β ̸=α

Qαβ (1.12)

Where the : operator denotes a tensor contraction in two indices (i.e.
↔

Pα : ∇v⃗α =

δki δ
l
jP

ij∂kvl = P ij∂ivj). While we now have the 5 variables we expect the model is not

yet complete as we don’t yet know how to evaluate the stress tensor
↔

Π and heat flux h⃗α.

These terms are related to the higher moments of the Boltzmann equation, and solving for

those moments would introduce even higher moments. This is known as a closure problem

as the model cannot be closed without some expression for these terms that can be evalu-

ated. Our expressions for these terms come from a Chapman-Enskog type closure, following

Braginskii[3]. The expression for the stress tensor is given by Eq. 1.13.
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↔

Π = ν∇2v⃗α (1.13)

Where ν is a transport coefficient (the viscosity). The expression for the heat flux is

given as Eq. 1.14.

h⃗α = κ∇Tα (1.14)

Where κ is another transport coefficient (the conductivity). With this closure the 5N

moment model is complete and can be used for our simulations.

1.6 WARPXM

WARPXM is a program in the Washington Approximate Riemann Plasma group of programs

developed at the University of Washington. This group of programs has been developed to

solve hyperbolic conservation laws, especially plasma fluid equations and has been used and

detailed in previous work[21][7][8]. WARPXM is implemented in C++ but provides a conve-

nient Python interface known as WARPy which is applicable for running most simulations.

Through WARPy discontinuous Galerkin (DG) simulations can be defined through functions

at a high level of abstraction without the user needing to worry about how those functions

are implemented. To define a simulation in a WARPy script the following process should

be followed: define a mesh, define variables, define initial conditions, define applications and

spatial solvers, define a writer, define boundary conditions and variable adjusters, define a

temporal solver, define a timestep controller, create the simulation, and run the simulation.

The mesh is the domain the simulation will occur on, the variables are the parameters that

will be adjusted during the simulation, and the initial conditions describe the starting values

of the variables. The applications applied to a simulation determine the physical effects

that will be accounted for in the simulation and the spatial solvers determine the methods

that will be used to solve the differential equations corresponding to those physical effects.

The definition of the writer determines which variable values will be output by WARPy and
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available for later inspection. The boundary conditions are used in conjunction with the

spatial solver to solve the differential equations corresponding to the chosen physical effects

and the variable adjusters determine some details of how the variables change including what

method for use for calculation of gradients and other details relevant to the DG method. The

variable adjusters apply the physics to the variables on selected subdomains and control how

gradients are calculated. The temporal solvers determines how the differential equations will

be solved in time and the timestep controller determines how large of a timestep the tempo-

ral solver will use. Finally the simulation is created and run, combining all of the elements

defined above to realize an investigation of interesting phenomena. WARPXM also includes

a library of examples of previous work from other members of the Computational Plasmas

Group at the University of Washington, who have used WARPXM for simulations for many

years.

1.7 Machine Learning

Machine learning refers to the study of algorithms that learn from data. Given nothing

more than a dataset these algorithms can learn various actions. The most common machine

learning tasks include regression and classification. Regression refers to the approximation

of a function given only example outputs and inputs of the function. Classification refers

to sorting input data points into one of several output groups given only example sortings

of input data. Machine learning has experienced a renaissance in the last decade due to

increasing computing power and the increasing availability of large datasets. These features

have made possible computational feats that were previously impossible such as effective

natural language processing, computer vision, and others. The main model architecture

behind recent advances has been the artificial neural network (ANN), a model loosely based

on biological neural networks, also called a multilayer perceptron (MLP). In an ANN, a

”neuron” is modelled as some activation function acting on the sum of output of ”neurons”

connected to it from the previous layer or the input data along with a bias. These ”neurons”

are grouped together to form one or more layers where each ”neuron” in the previous layer
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is connected to each ”neuron” in the next layer. With this architecture, a layer of ”neurons”

can be represented as a matrix multiplication and evaluated extremely quickly on modern

hardware optimized for such calculations such as GPUs. A single layered neural network

can approximate any function if it is comprised of enough neurons according to well known

universal approximation theorems, many of which exist for different architectures or assuming

different activation functions[4][10][9]. An ANN with many layers is called ”deep” and many

recent successes in machine learning have depended upon this architecture and its derivatives

(RNNs, CNNs, Transformers, etc.). The process of using training data to optimize a neural

network is called ”training” and relies upon the well known technique of gradient descent,

although many slight variations of it are often used, such as Adam[11]. After these recent

successes, much work has been done to optimize the training and use of neural networks, so

they can now be trained very quickly and easily through open source tools. One of the most

common of these open source tools is TensorFlow, created and maintained by Google.

1.8 Sheared-Flow-Stabilized Z-Pinch

The specific plasma device that we will be applying our work to is the sheared-flow-stabilized

(SFS) Z-pinch experiment ongoing at the University of Washington[17][22][16][19][18]. The

standard plasma Z-pinch configuration is based around a strong axial current. This axial

current generates azimuthal magnetic fields that tend to confine and heat the plasma. This

results in an extremely hot and dense plasma along the pinch axis without any externally

applied magnetic fields. A Z-pinch also has the advantage of using its magnetic fields as

effectively as possible, as shown by its average β (the ratio of plasma pressure to magnetic

pressure) value of 1. The radial force balance describing the Z-pinch equilibrium is given as

Eq. 1.15 and the definition of average β is given as Eq. 1.16.

Bθ

µ0r

d

dr
(rBr) = − d

dr
(p+

Bz

2µ0

) (1.15)
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⟨β⟩ = ⟨p⟩
B2

2µ0

(1.16)

However, the Z-pinch is subject to several instabilities, most notably the so called ”kink”

and ”sausage” instabilities. In the ”kink” instability, the current not flowing exactly straight

along the pinch axis leads to a self-reinforcing curve. In the ”sausage” instability a part

of the plasma with a smaller radius experiences larger magnetic field values causing it to

contract further. These instabilities prevent equilibrium and if left unchecked can damage

the experimental equipment. To deal with these instabilities, the sheared-flow stabilized Z-

pinch introduces an axial flow with a sheared profile. The effect of this flow can be intuitively

understood as smoothing out the edge of the plasma similar to a bulldozer smoothing out dirt.

The equilibrium described by Eq. 1.15 is notably not affected by an axial plasma velocity,

so the introduction of a sheared flow doesn’t negatively impact the desirable qualities of

the Z-pinch configuration. However, one of the main remaining problems of the Z-pinch

configuration is that the very hot plasma along the pinch axis is also present at the wall at

either end, which are necessary to supply the potential difference driving the axial current.

The hot plasma in contact with these walls is a significant loss mechanism both through

thermal conduction and the effects of sputtering and backscattering, as mentioned previously.

This makes accounting for these effects particularly important for this configuration and

motivates this work. The materials used for these electrodes in contact with the plasma

in the SFS Z-pinch are either tungsten or graphite so our modelling efforts were focused

on these materials. These materials are chosen to minimize the effects of plasma-surface

interactions, but these effects are still present and modelling them remains important to get

accurate results from simulations.
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Chapter 2

METHODS

The overall flow for this work results in four natural stages. In the first stage an initial

simulation of the z-pinch fusion experiment was used to gather information about the plasma

conditions. In the second stage TRIM was used to collect data for parameters relevant to

the plasma conditions observed in the initial simulation. In the third stage, machine learning

techniques was used to generate a model that approximates the TRIM data. In the fourth

and final stage the machine learning model was used to develop a boundary condition for

plasma simulations of the z-pinch to incorporate plasma-surface interactions.

2.1 Initial Simulation

As mentioned above the first stage of this work was to create an initial simulation of the

SFS Z-pinch. In this we benefit from the prior work of the Computational Plasma Dynamics

Group at the University of Washington, who have previously set up simulations to explore

the SFS Z-pinch with a Hydrogen plasma. Specifically work has been done by Dr. Eric

Meier to simulate the SFS Z-pinch in one and two dimensions. In one dimension, only

the pinch radius is modelled, while in two dimensions the pinch radial and axial directions

are modelled. However, both simulations include three dimensions of velocity, making the

simulations 1D3V and 2D3V. Both simulations also use the five-moment model with separate

fluids for electrons and ions, making them five-moment two fluid models. These simulations

are included as part of the WARPXM repository and are therefore available for us to use.

Regardless both simulations were rewritten, both to aid in understanding of WARPXM,

which is necessary for future development of the final simulation, and to add code to analyze

the data generated by the simulation and extract the quantities we need to determine the
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applicable parameters for gathering data from TRIM.

To simulate the SFS Z-pinch we use the existing 2D code. The choice to use the 2D

code is driven by needing to model two dimensions in our final simulation to see how the

sputtered material propagates in the plasma. The domain of this code extends from a radius

of 0 (the center of the pinch) to a radius that is four times the pinch radius in the radial

direction and has a Z-axis that is as long as the pinch radius. This is much shorter than

the physical Z-pinch but as the pinch is in equilibrium and the code uses periodic boundary

conditions along the axial direction, modelling only a small axial extent is necessary, and

a smaller part saves on unnecessary computational expense. However, we note that using

periodic boundary conditions will negatively impact the realism of the data we generate

regarding ion energy since at walls sheaths form and tend to accelerate ions significantly.

Therefore we are systematically under-representing the energy of ions that we can expect to

be incident to the boundary our boundary condition will be applied to. Sheath boundary

conditions that would give a better approximation of the energy of ions near an actual wall

exist, but are complicated to implement and as implementing those boundary conditions

isn’t our primary concern, we neglect them. We also note that as our axes correspond to

cylindrical geometry, as is the natural choice for a Z-pinch, our fluid and field variables will

use cylindrical coordinates. The pinch radius for this code is hard coded to 910 µm. The

spatial order chosen for the creation of the mesh defining the domain is 4th order and the

mesh is defined to have 64 cells. In keeping with the 5-moment two fluid model, variables

are then defined for the ions and electrons that consist of 5 components, the mass density

ρ, the components of momentum in all directions pr, pθ, and pz, and the total energy e.

A variable is also set up to represent the electromagnetic field with variables Er, Eθ, Ez,

Br, Bθ, and Bz. The code now turns to setting the initial conditions of the simulation,

which requires establishing the value of many quantities used to define an equilibrium and

the normalization used by WARPXM. Normalization is important for plasma simulations

in particular since plasma values are often extreme in SI or conventional units so using

a custom normalization scheme can keep numerical overflow errors from occurring. The
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initial condition is set to have an axial current of 3 × 105 A and 5.825 ion gyroradii within

the pinch radius. The normalization is then set to have a peak normalized temperature

of 1, a characteristic peak magnetic field defined according to Eq. 2.1, a characteristic

density defined according to Eq. 2.2, a characteristic speed defined according to Eq. 2.3, a

characteristic time defined according to Eq. 2.4, a characteristic pressure given by Eq. 2.5,

and characteristic temperature defined by Eq. 2.6.

b0 =
µ0I

4πa
(2.1)

n0 =
2Nrgi2Aimp

µ0a2e2
(2.2)

v0 =
b0√

mpn0µ0

(2.3)

τ =
a

v0
(2.4)

p0 =
b20
µ0

(2.5)

T0 =
p0
en0

(2.6)

Where µ0 is the vacuum permeability, I is the axial current (which we set to 3 · 105 A),

a is the pinch radius, Nrgi is the number of ion gyroradii within the pinch radius, Ai is

the normalized mass of the ion, mp is the mass of a proton, and e is the elementary charge.

We also note that these values are all in SI units, so they can function as a conversion

between the normalized units of the simulation and SI units for those quantities. The final

of these conversion factors we compute at this time is the characteristic current density and

current, as equations 2.9 and 2.10 respectively, with ωcτ defined for convenience (it’s the

proton cyclotron frequency multiplied with the characteristic time and corresponds to the

reciprocal of the skin depth as shown in Eq. 2.8).
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ωcτ =
τeb0
mp

(2.7)

δ =
1

ωcτ
(2.8)

j0 =
b0ωcτ

aµ0

(2.9)

I0 = j0a
2 (2.10)

The code then allows us to choose which type of Z-pinch equilibrium we would like to

model. The supported options are a Bennett equilbrium or a Loverich equilibrium. The

Bennett equilibrium profile is defined by equations 2.11-2.13[6].

Bθ =
µ0I

2π

r

r2 + a2
(2.11)

jz =
I

π

a2

(r2 + a2)2
(2.12)

p =
mu0I

2

8π2

a2

(r2 + a2)2
(2.13)

The Loverich equilibrium profile is defined by equations 2.14-2.16[14].

jz =

J0, r < a

0, otherwise

(2.14)

Bθ =

−1
2
rµ0J0, r < a

−1
2
a
r
µ0J0, otherwise

(2.15)

p =

P0 − 1
4
µ0J

2
0 r

2, r < a

αµ0J
2
0a

2, otherwise

(2.16)

Where J0 =
Ip
πa2

with Ip the normalized pinch current and α a parameter of the equilibrium

that sets the minimum pressure (usually set to 1
10
). For this work we use the Bennett
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equilbrium due to its wider use in the general community. However, as the simulation is of

the SFS Z-pinch a linear shear flow profile is also added to the equilibrium, with the shear

flow velocity ranging from 0 at the center of the pinch to vsf at the pinch radius. vsf is

defined according to Eq. 2.18.

vpk =
b0√

µ0n0Aimp

(2.17)

vsf = 0.4
vpk
v0

(2.18)

Where vpk is a characteristic speed. The initial conditions variable adjusters are then

set, incorporating the chosen equilibrium type. With the initial conditions now complete

the code turns to the applications and spatial solvers. An Euler solver is chosen with the

numerical flux chosen to be a Rusanov flux (we could have also chosen a Roe flux). The

code also optionally allows for the inclusion of the effects of inter- and intra-species collisions

and we decide to include these effects. The details of these collisions are beyond the scope of

this thesis, but are implemented using standard WARPXM applications. We do note that

these effects can use different gradient methods in their calculations, and we choose the local

DG method (we could have also used an internal penalty method). The normal effects of

electromagnetic fields are also accounted for as standard WARPXM applications that this

code utilizes. After defining all of these applications a DG spatial solver is defined to use

them using Gaussian quadrature.

We now define a writer that outputs the values of all variables (ions, electrons, and fields)

in the simulations and their gradients. With that done we move on to defining boundary

conditions. For the boundary where the radius is 0, WARPXM has a standard boundary

condition for a Z-pinch. In this boundary condition for fluids, copyout boundary conditions

are applied to scalar quantities such as ρ and e while reverse copyout boundary conditions are

applied to radial and azimuthal components of vector. For the boundary where the radius

is at its maximal value WARPXM also has a standard boundary condition for a hard wall.

This applies copyout boundary conditions to all fluid variables except the radial momentum,
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which it sets according to a reverse copyout boundary condition. Variable adjusters are

then defined that specify how the gradient should be calculated (we again use the local DG

method). Finally Neumann boundary conditions are set on the variable gradients.

Having now resolved the boundary conditions of the simulation we turn to creating our

temporal solver. For this the code uses a third order explicit Runge-Kutta method. The

timestep controller is then defined to maximize stability using a built in WARPXM function

with details that are again outside of the scope of this work. With everything now defined

the simulation can now be created and run.

With the simulation now operational we turn to how we can collect the data we are

interested in from the simulation. WARPXM simulations save the data output by the writer

to a series of .h5 files, where each file represents a time step in the simulation (not necessarily

every time step, as the frequency of output is controlled in the definition of the writer). This

filetype is the Hierarchical Data Format and contains multidimensional arrays of data. We

can conveniently access these files in Python through the h5py package. To process the

data from the simulation in a general way we detect files present in the specified output

directory with this extension and process all of them. Since the data we want to collect from

this simulation is related to the ion energy and angle of incidence with the boundary of the

domain we store the average values of these variables over all timesteps of the simulation.

Since we are in equilibrium the timesteps shouldn’t be significantly different and all should

be equally valid for our use. The angle of incidence we can calculate as Eq. 2.19, which

results from the geometry of the situation.

θ = arccos
pz
|p|

(2.19)

We perform this calculation for every point in the domain since the simulation uses

periodic boundary conditions so points on the boundary are not materially different than

points in the middle of the domain along the Z-axis.

Getting the incident ion energy from the simulation is somewhat more difficult since

TRIM treats ions as a particle while the simulation treats ions as a fluid, with no regard
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for individual particles. To calculate the energy that an ion would have when impacting the

wall we settle upon using the ion flux per particle, which considers both the bulk motion and

pressure of the fluid. Specifically, the calculation of the ion energy flux per particle begins

from the five-moment fluid variables with Eq. 5 from [20], which we present as Eq. 2.20.

e =
3

2
nT +

1

2
ρv2 (2.20)

Where ρ = nZ with n as the number density of the species and Z as the normalized

charge of the species. We want to use this to get the temperature of the fluid from the

five-moment variable e, so we solve Eq. 2.20 for the temperature, resulting in Eq. 2.21

T =
2

3n
(e− p2

2ρ
) (2.21)

To convert this temperature to a pressure, we utilize Eq. 6 from [20], which we present

as Eq. 2.22.

nT = p (2.22)

Having now solved for the pressure of the species, we can calculate the ion energy flux

per particle in the usual manner, presented as Eq. 2.23

Φ =
(e+ p)v

n
(2.23)

This provides our incident ion energy. Having now established how we can get information

about the range of ion angles of incidence and ion energies in the SFS Z-pinch, we turn to

collecting information about how these ions will interact with a wall.

2.2 Gathering TRIM Data

When gathering data from TRIM our first obstacle is that TRIM is run primarily through

a GUI, which is hard to interact with programatically. After some searching, we find that

this can be solved through an open source Python package called PySRIM. This package
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allows us to run TRIM simulations and parse the files TRIM outputs in a Python script.

However, upon further investigation of how we can use this package for our purposes, we

discover that it currently doesn’t parse the output files most relevant for us. Specifically it

can’t parse the files related to sputtering, backscattering, and transmission (SPUTTER.txt,

BACKSCAT.txt, TRANSMIT.txt, and TRIMOUT.txt). However, the package does have

unimplemented classes for parsing these files and asks for anyone that comes across them to

implement them. Accordingly, we decide to implement these classes ourselves and contribute

to the package.

As mentioned previously the files output by TRIM are text files and can therefore be

loaded and parsed with existing tools in Python. Specifically the re module included in

Python’s standard library allows for the parsing of text using regular expressions, abbreviated

as regex. Regular expressions are a convenient way to search bodies of text for sequences

of characters and capture certain parts of the text. In our case this means that we have to

find a distinctive part of the files to capture the part of the file that contains information

relevant for our use. This information is in the table present in the file after a short preamble

explaining the columns, as shown in Fig. 1.3. Our task is then to isolate the part of the

text file corresponding to the table, after which existing functions in Python packages such

as NumPy can be used to create data structures from the table data. After trying multiple

options we settle on taking the entirely of the text file after the first appearance of the text

”Cos(Z)” followed by a newline. This is used in all of the files relevant to this work, but is

different than the format followed by the other files output by TRIM. Following the form

of the other parsers in the package we also parse the information present about the input

ion, specifically its element and incident energy. This is done through looking for the text

”TRIM Calc.= ” followed by a letter or two denoting an elemental symbol, then a number

followed by eV or keV in parentheses (both the number and eV or keV in parentheses)

denoting the energy of the incident ion. As part of this search the elemental symbol and

energy of the incident ion are captured and saved. The information in the table is then

parsed into a NumPy array using the aforementioned existing tools in NumPy (specifically
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the genfromtxt function). Each file that is parsed is represented in PySRIM by a class

with attributes corresponding to the data present in the file and we follow this pattern with

our newly parsed files. Specifically, each column of the table of data present in the file is

represented as a one dimensional NumPy array. After finishing and testing this work to parse

the output files we attempt to create a merge request on the PySRIM package to incorporate

our changes. However, we find that the package isn’t set up to allow merge requests from

unauthorized people. We then email the creator and maintainer of the repository with our

changes in hopes that the changes could be included through him. However, after weeks

no response had been received so we create a fork of the repository hosted on our GitHub

that includes the changes so that they are publicly available. We also create an issue on

the original repository explaining the situation and linking to our version with the included

changes.

With our method for parsing the output of TRIM now established we turn to resolving

how we will collect the data we need. Since our initial simulation was set up to simulate a

Hydrogen plasma, the incident ion in our TRIM calculations will be Hydrogen as well. The

electrodes of the physical SFS Z-pinch are made of either tungsten or graphite so we seek to

collect data for both of these cases. TRIM takes three energy values when defining a material

that we can accept default values for or set ourselves. In the interest of having the most

accurate calculation possible we choose to set them ourselves. These energy values are the

displacement energy, lattice binding energy, and surface binding energy, which we discussed

in the introduction. ASTM International (formerly the American Society for Testing and

Materials) maintains recommendations for these values for many materials. For tungsten the

recommended value for displacement energy is 90 eV[2] and the recommended value for lattice

binding energy is 0 eV[1]. For the surface binding energy, we follow the recommendation of

Yang and Hassanein in using a value of 11.75 eV instead of the default heat of sublimation

value (8.68 eV)[23]. Finding these values for graphite is more difficult, but we do end up

finding a value for the displacement energy of 25 eV at room temperature[15]. We use the

room temperature value instead of the 900 K value (30 eV) since the Z-pinch operates as
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a pulsed system so the electrode won’t have time to heat up significantly during operation.

We aren’t able to find references for the lattice and surface binding energies of graphite, so

we are forced to use the TRIM default values of 3 eV and 7.41 eV respectively. The final

choice we must make before we can use TRIM is the choice of how many ions to simulate

at each combination of energy and energy and angle of incidence. TRIM promises errors of

less than 10% for 1000 ions, so we decide on using 2000 ions, to have significantly better

accuracy, while balancing the additional computation required by adding more ions. With

these choices now made, we can perform TRIM calculations for any range of angles and

energies that we may find from our initial simulation.

Once the TRIM calculation has been performed we need to parse the output files and get

data that can be used to train a machine learning model. To do this we detect and iterate

over all files present in a specified TRIM output folder the process the files using our version

of the PySRIM package that includes parsers for the files relevant to us. Since each TRIM

file contains information about individual ions and we are interested in average quantities

for each tested condition we calculate this average for each quantity that TRIM outputs and

save this data to an array where each row represents a certain initial condition (combination

of ion energy and angle of incidence). This form allows for convenient saving and loading

of the data using Python’s pickle library and is amenable to training our machine learning

model in TensorFlow.

2.3 Training the Model

With the data now collected from TRIM we can create a machine learning model that

approximates it. To begin we load the data saved in the previous stage of the process again

using Python’s pickle library. We explore the data generated by TRIM through generating

plots. As we have two input variables and many output variables, we split the data into

many 3d surface plots, where the two input dimensions are the ion angle of incidence and

ion energy and the output dimension is one of the many variables output by TRIM. Before

creating and training the neural network we choose as our machine learning model we follow
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the advice of LeCun and Müller and normalize our data to have mean 0 and variance 1 by

subtracting out the mean and dividing by the standard deviation[12]. The mean and standard

deviation of each variable is also printed so future inputs and outputs of the model can be

normalized using the same factors, which is important for getting accurate predictions. We

then randomly divide our data into training, testing, and validation sets with a split of 70%

training, 20% test, and 10% validation. The training set is the dataset that will be used to

update the weights of the neural network, while the testing set is the dataset that will be used

to evaluate the model’s performance. The validation set is used as a proxy for the testing

set during model evaluation. By this we mean that after each epoch (iteration through the

training set) the model will be evaluated on the validation set and we can use this to judge

if the model still generalizes beyond its training data or is beginning to overfit. Specifically,

we use a regularization technique known as early stopping, where model training is stopped

after performance on the validation set has stopped improving. With our approach set we

can then train the model using TensorFlow. After training the model, its loss over the course

of training can be plotted as well as the model’s predictions. For the model’s predictions

we use the same three dimensional surface plot form that we used for the plots of the initial

data and for convenience plot them alongside the original data. This makes it easy for us to

assess if the model is accurately modelling the data. Once we have a model we are satisfied

with, we check the model accuracy on the test set, and save it. This test set should only be

used once as using it to evaluate the model’s performance multiple times effectively makes

the test set the same as the validation set, and doesn’t reflect how the model will perform

on data it hasn’t seen before.

2.4 Boundary Condition

To take advantage of the models we trained, we implement a boundary condition inWARPXM.

The simulation we create to test this boundary condition differs from the initial simulation

in that the Z-axis domain is now set to be 4 times the length of the radial domain and

to no longer be periodic. In the initial simulation the periodic boundary conditions made
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resolving the axis unimportant since we expect very little variation along the axis, but the

additional axial length is important now that we expect a significant degree of nonuniformity

along the axis. This nonuniformity will be due to the boundary conditions now being custom

and accounting for plasma-surface interactions such that we expect sheaths to form on both

ends of the domain with a region of a more normal Z-pinch between the sheaths. Since this

simulation will model sputtered neutrals as well as electrons and ions we must account for

them as a fluid in WARPXM. The charge of this fluid is 0, but the mass of this fluid depends

on the wall material.

When implementing the boundary condition, the first problem we encounter is that

we must access the model we trained in a Python program in a C++ program used by

WARPXM. For this we turn to the open source library CppFlow, which provides a conve-

nient wrapper over the TensorFlow C api, which is nonintuitive and hard to use. Through

CppFlow we can load the TensorFlow models we’ve trained and use them to make predic-

tions. To use the models we also need to store the normalization parameters we used in data

processing for the model. Before inputting data to the model we first subtract out the mean

then divide by the standard deviation and after getting the model predictions we multiply

by the standard deviation and add the mean of each parameter.

While we have been talking about this implementation as if it was a single boundary

condition, it is really 6 boundary conditions as we need to have conditions for ion, electrons,

and neutrals for both carbon and tungsten. The conditions for carbon and tungsten differ

only in which model is used so we focus on how the model output is used for ions, neutrals,

and electrons. Throughout the creation of the boundary condition we assume that the

boundary condition will be applied to a boundary on the z-axis of a system in cylindrical

coordinates as this is the case for our simulation. Changes for other simulation geometries

would be straightforward modifications of the flux boundary conditions we present below.

To implement a boundary condition on the 5N moment plasma model fluxes need to be

specified for the momentum and energy. The mass flux for the continuity equation we don’t

need to specify since we can instead set a zero normal gradient boundary condition, which
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will allow the mass to adjust dynamic to remain consistent with the fluxes. The flux for the

momentum equation is given by mαnαv⃗αv⃗α+pα
↔

I +
↔

Π which can be seen from the momentum

equation we presented earlier after some manipulation. In accordance with our assumption

that all of the energy of the particles in a TRIM simulation is kinetic, we can ignore the

pressure and stress tensor terms, leaving us with only mαnαv⃗αv⃗α. The TRIM contribution to

the momentum flux can then be calculated using our assumption that the energy in TRIM

particles is entirely kinetic as shown in Eqs. 2.24 - 2.36.

v =

√
2E

m
(2.24)

vx,pred = v cos θx (2.25)

vy,pred = v cos θy (2.26)

vz,pred = v cos θz (2.27)

vpred =
√

v2x,pred + v2y,pred + v2z,pred (2.28)

A = v/vpred (2.29)

vx = Avx,pred (2.30)

vy = Avy,pred (2.31)

vz,TRIM = Avz,pred (2.32)

vz = Cvx (2.33)

vr =
√

v2y + v2z,TRIM (2.34)

vθ = −C arctan
vz,TRIM

vy
(2.35)

nion = Bnin (2.36)

Where E is the model predicted average total energy of a backscattered particle, cos θi

is the model predicted directional cosine of the particle along the i-axis (θi is the angle

between the path of the particle and i-axis), m is the mass of the ion, nin is the number

density of the ion fluid used to generate the model predictions, A is a correction factor to
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the magnitude of the predicted vector, and C is a correction factor that is 1 if the boundary

condition is applied to the minimum z-valued boundary (which we assume to be true if the

z-coordinate is 0 or negative) and -1 if the boundary condition is applied to the maximum

z-valued boundary (which we assume to be true if the z-coordinate is positive). The factor

A arises from two sources, the first is that we are dealing with a machine learning model

that has no guarantee of predicting cosines values that combine to correspond to a vector

with magnitude 1. The second and more important source is that the data we are training

the model on uses average particle values. While each particle output by TRIM will have a

combination of directional cosines corresponding to a vector with magnitude 1, the average

of each component over many particles will not necessarily create a vector with magnitude 1.

The factor A corrects for this by rescaling the predicted vector to have magnitude 1 so the

velocity can be calculated appropriately. The factor C can then be used to ensure that the

velocity of the particle is being directed into the domain in the case of the z-component of

the velocity and in the correct direction in the case of the θ component of the velocity, which

is what is shown in Eqs. 2.33 and 2.35. The z-component is multiplied by the factor C since

on the boundary with a positive z-coordinate, TRIM’s x-axis is aligned with the z-axis of

WARPXM so multiplication by C gives a velocity directed back into the simulation domain.

The θ-component is multiplied by the negative of C since if TRIM’s x-axis is aligned with

the z-axis of WARPXM, converting TRIM’s r-z coordinates to polar coordinates results in

a polar system where the θ-direction is directed similarly to WARPXM’s θ-direction and if

TRIM’s x-axis is aligned with the z-axis of WARPXM, the factor C is -1. This situation is

shown in Fig. 2.1, where the x- and z-axes are into the page. This situation corresponds

to a boundary with a positive z-coordinate. Note that the y-axis (and subsequently z-axis)

of TRIM will rotate in plane according to the direction of the incident ion fluid (recall that

the y-axis of TRIM is defined such that the incoming ions approach along the y-axis from

the negative side), but the relative orientation of the y- and z-axes will be the same, so the

θ-direction will be unchanged.

Recall that the model predicted values use TRIM’s Cartesian coordinate system while the
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Figure 2.1: Sample coordinate systems for TRIM and WARPXM visualizing the axes we

must convert between when using a model trained on TRIM data as a boundary condition

for a WARPXM simulation

boundary condition output values use the cylindrical coordinate system of the simulation.

We note that ”particle” here is imprecise since we are talking about an averaged particle

value from TRIM that we are using to calculate fluid properties, but thinking in terms of a

single particle is convenient. We also note that the x-axis of TRIM corresponds to the z-axis

of the Z-pinch and the y- and z-axes of TRIM form the plane that the r-axis of z-pinch lives

in if we set the origin of the two coordinate systems to be the same. Since TRIM is only

outputting values about velocities, we don’t need to correct for the difference in the location

of the origins of TRIM and WARPXM’s coordinate systems, which would be important if

we were dealing with positions.

The TRIM contribution to the momentum flux represents the flux back into the domain,

but we must also account for the flux out of the domain in our boundary condition. To

account for this we use the plasma properties at the boundary of the domain in much the

same way as when we calculated the TRIM incident energy as the energy flux per particle.

In this process we calculated the pressure, and we do so now in the same way. The total

momentum flux is then given through the vector summation of the TRIM contribution and
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the plasma contribution at the boundary.

With the momentum flux now resolved, we turn to the energy flux. We calculated the

plasma contribution to this explicitly earlier before dividing by the number density nion (Eq.

2.23) and therefore don’t need to calculate it again. For the TRIM contribution we calculate

the energy from the TRIM predicted values according to Eq. 2.37 then form the energy flux

as ev⃗ since we have no pressure term.

e = eparticlen (2.37)

Where eparticle is the model predicted energy of a particle and this value also must be

scaled into WARPXM’s normalization basis. This energy is notably different than the energy

used in the calculation of velocity since that calculation considered the velocity of a single

particle and we now want to consider the total energy of the fluid, so we multiply by the

number of particles. Finally, the full energy flux is formed through the vector summation of

the TRIM contribution and plasma contribution.

For the neutral fluid, the sputtering values predicted by the model are used to generate

the momentum flux, since that is the mechanism that acts to change the properties of the

neutrals. Since sputtering at the wall creates new neutrals without removing old ones, our

boundary condition on the density is given by Eq. 2.38.

nneutral = Snin (2.38)

Where S is the sputtering yield and nin is the input value of the density of the ion fluid.

The components of momentum are calculated in the same manner as for the ions (Eqs. 2.24

- 2.36), but with the total energy E now being given by the model predicted average energy

of a sputtered particle. The energy of the neutral fluid is then set according to Eq. 2.37 with

eparticle now representing the model predicted average energy of a sputtered particle and the

energy flux follows naturally.

The effect our model should have on the ions and neutrals falls fairly naturally out from
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the definitions of the quantities the model will predict, but the effect the model should have

on the electrons is less obvious. The electrons should tend to follow the ions to maintain

charge neutrality, whether they implant in the material or get backscattered. However, how

to implement this is unclear, so we decide to run a simulation using a toy problem with

various electron boundary conditions to investigate how best to model an active wall in

WARPXM. We specifically want to ensure that the plasma remains net quasineutral so that

the charge lost due to ions implanting in the wall material is reflected in the electron fluid

as well. We suspect that setting zero normal gradient boundary conditions on the electrons

may let the fluid respond appropriately, but would like to confirm. The setup for our test

simulation is of a 1D domain with a presheath on one boundary with a given temperature and

number density. The test simulation also includes neutral atoms and molecules. The effects

of collisions between the ions and electrons and atomic and molecular reactions between all

species are also included. The boundary condition at the other end of the 1D domain from

the presheath is a symmetry boundary condition for the center of a one dimensional domain.

The temporal solver used for the simulation is a third order Runge-Kutta method. The

test consists of changing the electron boundary conditions from original presheath boundary

conditions to a zero normal gradient boundary condition and checking if charge neutrality

is maintained.
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Chapter 3

RESULTS

As the flow for this work resulted in four natural stages, we present the results of this

work independently for each stage. The results of each stage depend upon the results of the

previous stage, as they form a part of the inputs for that stage.

3.1 Initial Simulation

The calculation of ion angle of incidence performed at every point of the domain in the initial

simulation results in Fig. 3.1.

The average angle of incidence in this figure is 0.327 degrees, with the range of angles

of incidence ranging from 0 to 94.14 degrees (angles greater than 90 degrees meaning that

the fluid z-momentum is in the negative z-direction at that point in the domain). This

means that almost all ions in the particle are moving almost entirely along the Z-axis in the

positive direction, which we should expect in a Z-pinch with additional sheared (axial) flow.

The calculation of ion energy flux per particle at every point in the domain of the initial

simulation results in Fig. 3.2

The average value of ion energy flux per particle was 1,092 eV, with values ranging from

189 eV to 12,359 eV. The graph of ion energy flux per particle shows a large cluster of values

near the low end and a smaller cluster of values near the high end. This is likely due to the

structure of the Z-pinch where energetic particles are clustered around the axis of the pinch,

which represents a small fraction of the points present in our mesh. Points further away from

the pinch will have less energy and less flux along the z-axis. We may expect a small spike

at the value of the flux imparted by the sheared flow, but this flow will dissipate over time

and as the presented data is over the entire simulation, the absence of such a small spike
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Figure 3.1: Initial simulation ion angle of incidence showing the data informing our choice

of TRIM angle of incidence

Figure 3.2: Initial simulation ion energy flux per particle showing the data informing our

choice of TRIM incident ion energy
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isn’t concerning.

3.2 Gathering TRIM Data

Based upon the data gathered in the previous section we decide to collect TRIM data on

energies from 100 eV to 6000 eV in 100 eV increments and on angles of incidence from 0 to 45

degrees. 45 degrees is chosen somewhat arbitrarily as the data doesn’t clearly fall off at that

value, but it’s important to model a significant portion of the domain as neural networks

often give significantly wrong answers for points that aren’t in the domain they are trained

on and we don’t want a larger than expected angle of incidence for a point in the simulation

to give dramatically unphysical results. Our chosen value of 45 degrees represents something

of a compromise, as it models around half of the domain actually seen in the data, while

modelling almost all data. Our choice of stopping at 6 keV is driven by similar concerns with

the additional concern that the combination of domain size and resolution in the angles and

energy grows the number of points we need to model with TRIM very quickly. Our choice

of stopping at 6 keV was also partially driven by a bug in our data analysis code, which

showed only data from the last timestep of the simulation, where the largest energy value

present was 5779 eV. However, upon the correction of this bug we are reassured by the small

amount of additional data from earlier timesteps with energies above 6 keV, and decide that

re-generating TRIM data and retraining the model isn’t necessary. No data exists at 0 eV

since a particle with no energy would never impact the wall. With our chosen domain of angle

of incidence and incident energy, we have 2760 conditions to model with TRIM. The data

generated is shown in Fig 3.7 - Fig 3.26. We present the data in the next section, alongside

the model predicted values for easy comparison and evaluation of model efficacy. The data

shown in these figures took days of computation to generate, with each point of the carbon

plot taking an average of around 77 seconds to generate on my computer (AMD Ryzen 5

3600 6-core 3.6 GHz CPU and NVIDIA GeForce GTX 1650 SUPER GPU). Each point in

the plots represents the values calculated from the 2000 ions TRIM simulated with the initial

conditions given by the point. The sputtering yield is calculated according to Eq. 1.1 and
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the backscattering coefficient is calculated according to Eq. 1.2. The directional cosines are

calculated as the average values of the values TRIM outputs for every ion that sputtered

or backscattered. The directional cosines represent the value of the cosine of the angle the

particle was travelling at when it left the domain of the TRIM simulation along the direction

of the cosine. These directional cosines are therefore TRIM’s way of specifying the path the

particle was travelling along and are important for us to properly account for the momentum

of the particles in the boundary condition we create for the final simulation. The sputtered

and backscattered energy at each point is also calculated as the average value of the value

TRIM gives for each particle. As shown in these figures, TRIM data is extremely noisy, which

is due to TRIM being a Monte Carlo program that depends heavily on random numbers for

its computation. This noise also partially justifies our approach using machine learning

over an approach using a lookup table. Interpolation of the data would give similarly noisy

results while a machine learning approach can generate a model of the data that smoothes

over this noise and is probably closer to the real values that would be achieved if more ions

were simulated using TRIM. Of course other approaches to smoothing over the noise in the

data are possible, but the machine learning approach is convenient due to its simplicity of

implementation, good results, and the speed at which the model can be evaluated due to

parallelization.

3.3 Training the Model

In our data pipeline, we normalize the data to allow for better training of the machine learning

model. The mean and standard deviation of each dimension of our data is summarized in

table 3.1 for carbon and table 3.2 for tungsten. These values are used to both normalize the

input to the machine learning model and to convert the output of the model back to physical

values through doing the normalization process in reverse, i.e. multiplying the value by the

standard deviation then adding the mean. Following standard machine learning practices

we also batch the data into groups of 32 points, which allows for faster gradient descent over

the whole dataset.
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Data Mean Standard Deviation

Incident Angle (deg) 22.5 13.28

Incident Energy (eV) 3050 1731.81

Backscattering Coefficient 0.064 0.059

Backscattered Energy (eV) 763.29 405.42

Backscattered X-Cosine -0.67 0.03

Backscattered Y-Cosine 0.1 0.85

Backscattered Z-Cosine −3.4 · 10−4 0.062

Sputtering Yield 0.014 0.0073

Sputtered Energy (eV) 52.62 38.93

Sputtered X-Cosine -0.88 0.056

Sputtered Y-Cosine 0.0015 0.077

Sputtered Z-Cosine 0.0012 0.08

Table 3.1: Normalization parameters for carbon data
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Data Mean Standard Deviation

Incident Angle (deg) 22.5 13.28

Incident Energy (eV) 3050 1731.81

Backscattering Coefficient 0.4 0.072

Backscattered Energy (eV) 1513.2 801.15

Backscattered X-Cosine -0.68 0.011

Backscattered Y-Cosine 0.041 0.034

Backscattered Z-Cosine −3.3 · 10−5 0.017

Sputtering Yield 5 · 10−4 0.001

Sputtered Energy (eV) 9.47 18.17

Sputtered X-Cosine -0.19 0.34

Sputtered Y-Cosine 0.004 0.1

Sputtered Z-Cosine 4 · 10−4 0.11

Table 3.2: Normalization parameters for tungsten data
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When training a machine learning model, the first choice that must be made is that of

model architecture. In our case, a standard feedforward neural network seems appropriate

since we want to perform regression. Our data also consists of a series of interrelated variables

that are derived from the same input variables, which plays to the strengths of feedforward

neural networks. The process of finding the optimal machine learning model is then reduced

to the process of hyperparameter optimization. The hyperparameters that we must choose

include the number of layers to include in the model, the number of neurons in each layer, the

activation function to use in each layer, the optimizer to use for the model, the learning rate

of the optimizer, and the number of epochs to wait before stopping the training of the model

(termed the ”patience”). Through a process of trial and error we settle upon a network with

3 layers, the first layer having 2048 neurons the second layer having 1024 neurons and the

last layer having 10 neurons. The number of neurons in the last layer is set by the number

of output values we are trying to predict, while we are free to choose the number of neurons

in the preceding layers. The number of neurons in the last layer is set by the number of

output values since the value of each neuron in the last layer will represent an output value.

Typically numbers of neurons that are powers of 2 are chosen for hidden layers since CPUs

and GPUs have computing units that come in powers of 2 so choosing the number of neurons

this way maximizes computational efficiency. This setup of layers gives us a network with

just over 2.1 million parameters, which is a very reasonable size for the complexity of our

problem. For the activation function of these layers, we settle upon a regularized linear unit

(ReLU) function, which has become something of a standard for neural networks and gives

good results on our problem. For the optimizer of the neural network we choose Adam[11],

which uses a modified gradient descent algorithm based on estimations of the first- and

second-order moments. Adam has also become very standard for neural networks and gives

good results for our problem with some refinement of the learning rate. The learning rate

is important for our problem in conjunction with the patience of our early stopping since it

allows for a balancing between over- and under-fitting. If the learning rate is too large the

gradient descent won’t be able to learn fine features of the data since the step size will ”step
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over” the minima while if the learning rate is too small the gradient descent will overfit to the

training data and the model won’t generalize. After experimentation, we settle at a learning

rate of 10−4, which is a standard value but gives the best results for our problem. For our

loss function we use the mean squared error, which is standard for regression problems. For

the early stopping of training we use a patience of 5 and monitor the loss on the validation

set. This means that if the model’s loss on the validation set doesn’t improve for 5 epochs,

we consider the model to be overfitting and stop training. We also set the weights of the

model to be the weights that performed best on the validation set (before the 5 epochs where

it didn’t improve) since after this point, the model was simple overfitting to the training set.

The training loss for the final carbon and tungsten models are shown as Fig. 3.3 and

Fig. 3.5 respectively. The mean absolute error during training for the carbon and tungsten

models are shown as Fig. 3.4 and Fig. 3.6 respectively. These values are calculated at the end

of the corresponding training epoch. The actual values in these graphs aren’t particularly

meaningful since they are over a training batch and using the normalized values of the data,

but the patterns in them can provide useful information about the training of our model.

Specifically the relation between the training and loss curves can tell us the degree to which

we are overfitting our data. Generally models will perform better on the training set than the

validation set and the two curves will begin to separate with the loss curve for the training

set dipping to lower values as training goes on. This is what is seen in Fig. 3.4 - Fig. 3.6 but

the difference between the curves never gets too large, indicating only a modest degree of

overfitting that is unavoidable in training neural networks. In Fig. 3.3 however, the pattern

is inverted and the validation loss of the model generally below the training loss until the very

end of training. This is likely an artifact of the validation set randomly chosen for carbon

to be points that are less noisy than other points in the domain, close to the local average

value. Notably the training mean absolute error is below the validation mean absolute error

while the losses are inverted so the tendency of the mean squared error (our loss function)

to be disproportionately dominated by outliers is likely also a factor. We also note that the

carbon model trained for 36 epochs while the tungsten model trained for 62 epochs.
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Figure 3.3: Loss of the carbon model during training showing a significant reduction during

training and good agreement between training and validation datasets

Figure 3.4: Mean absolute error of the carbon model during training showing increasing

accuracy during training and good agreement between training and validation datasets
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Figure 3.5: Loss of the tungsten model during training showing significant reduction during

training but some divergence between training and validation datasets

Figure 3.6: Mean absolute error of the tungsten model during training showing increasing

accuracy during training and good agreement between training and validation datasets
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After training a model for each material, we can visualize its predictions in the same way

we initially visualized the TRIM data. Instead of the TRIM data we now plot the model

predictions given the ion angle of incidence and energy. These figures form surfaces that

are shown alongside the data the model was trained on in Fig. 3.7 - Fig. 3.16 for carbon

and Fig. 3.17 - Fig. 3.26 for tungsten. In all of these figures, the model acts to smooth

out the data and give very reasonable predictions. Fig. 3.7 shows that the backscattering

coefficient of carbon decreases with increasing energy of the incident particle and decreasing

angle of incidence and Fig. 3.17 shows the same effect for tungsten. The dependence on

energy is particularly strong and is justified by increasing likelihood of the ion implanting in

the material as its energy increases and the ion can penetrate further into the material. At

higher angles of incidence the ion is less likely to implant in the wall and reflection becomes

easier. Our results also show good agreement with previous calculated values, such as those

by Eckstein[5]. Fig. 3.8 shows a nearly linear relationship between the incident ion energy

and the energy of the backscattered ion for carbon and Fig. 3.18 shows the same effect

for tungsten. The two figures do notably have different slopes, which indicates that the

energy of backscattered particles depends on the nature of the material the backscattering

is occurring off of. This makes sense since the interactions that lead to reflection will be

affected by the relative masses of the particles and the binding energies of the material. Ions

backscattered off of carbon retain around 1
4
of their initial energy while ion backscattered off

of tungsten retain just under 1
2
of their initial energy. This shows that during the process of

backscattering a significant fraction of the energy of the incident ion is lost to the material,

indicating significant heating of the material is occuring. Fig. 3.9 and Fig. 3.19 both show

that backscattered particles have an x-directional cosine of around -0.68. Recall that TRIM’s

coordinate system has the x-direction as normal to the surface with the negative direction

pointing away from the surface. An incident ion with 0 angle of incidence travels along

the negative x-axis in the positive direction until it intersects the surface at the origin of

TRIM’s coordinate system. The negative sign in the backscattered x-cosine is then simply

necessary for the particle to be backscattered. The value of 0.68 is a bit more opaque,
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indicating that the direction of the backscattered particle tends to not be directly along

the x-axis, but have components in other directions. Specifically these components tend

to result in a vector that makes around a 48 degree angle with the x-axis. This is around

what would be expected if the velocity was on average uniformly spread between 0 and 90

degrees from the x-axis (45 degrees would be expected), which are all the possible values

so this could also indicate no preferential direction for backscattering with some margin of

error. Of course other distributions with an average of 48 degrees are possible. Fig. 3.10

and Fig. 3.20 show that as the angle of incidence increases the angle of the particles with

the y-axis also increases. This is logical since the particles are then coming in with some

momentum in the y-direction (recall that the angle of incidence occurs in the xy-plane with

the y-axis tangential to the surface) so this momentum being conserved makes sense. That

this momentum isn’t entirely conserved on average (the outgoing cosine reaches a maximum

of around 0.1, corresponding to an angle of 84 degrees with the y-axis for an incident angle

of 45 degrees) is an indication how how complicated the interactions between the incident

ion and the surface material lattice are. Fig. 3.11 and Fig. 3.21 show that the backscattered

particles have no preference in the z-direction, averaging to very nearly zero. This is to be

expected since the only effect that would give an ion some momentum in the z-direction is

a random interaction with a lattice ion and this should be equally likely in the positive and

negative z-directions (recall that the z-direction is orthogonal to both components of the

initial momentum of an incident ion). We also recall that every point in the cosine figures

is itself an average of 2000 incident ions simulated for those initial conditions and some

things that may hold true for individual ions need not hold true for the average of many

ions. For example, the combination of the x-, y-, and z-cosines for an individual particle

should result in a particle that has some velocity on the unit sphere but this isn’t the case

for many particles since some components (e.g. the z-cosine) may average to 0 while other

components average to nonzero values. The sputtering yield plots, Fig. 3.12 for carbon

and Fig. 3.22 show that the sputtering yield increases with increasing energy and angle of

incidence. Increasing with increasing incident ion energy is intuitive since an incident ion
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with more energy will be more able to dislodge lattice atoms. Increasing with increasing

angle of incidence is initially less intuitive but means that after incident ions penetrate into

the material they will remain closer to the material surface than incident ions with less angle

of incidence (recall that angle of incidence is measured from the surface normal) so lattice

atoms that become dislodged from their initial location will tend to have less material to

travel through to escape from the material and accordingly a greater likelihood of escaping

from the material. Carbon also shows an effect where the sputtering yield is initially low

(for 100 eV) before jumping to a much higher value. This is likely due to the incident ion

needing to supply enough energy to overcome the displacement and surface binding energies

and this likelihood increasing as the energy of the incident ion’s energy increases past some

threshold value that we would need greater resolution to resolve. This effect isn’t captured

by our model since we only have one point showing this effect and the model views this point

as an outlier (and it must view such points as outliers to avoid overfitting in the rest of the

dataset). Our model not predicting this value isn’t concerning however, as we recall that

the mean energy value in our initial simulation was 1901 eV and the minimum value in the

initial simulation was 189 eV. Our model predicts the value for 200 eV and above quite well

so not capturing this point shouldn’t be relevant for our conditions of interest. We also note

that for all conditions in our dataset, tungsten has almost no sputtering, with the maximum

value of the sputtering yield being an outlier around 0.006. This justifies the use of tungsten

as a wall material in devices desiring a hot plasma as sputtering represents a signifcant loss

mechanism that should be minimized. Fig. 3.23 shows that tungsten sputtered energy has

almost no dependence on ion angle of incidence while Fig. 3.13 shows that carbon sputtered

energy has a dependence on ion angle of incidence above around 3 keV and a 25 degree angle

of incidence. Above this energy and angle of incidence the sputtered energy remains roughly

constant at a value just over 40 eV. The causes of this effect aren’t obvious but may be

related to the minimum amount of energy an atom may have when dislodged from its initial

location in the material lattice or leaving the surface of the material. However, the value of

40 eV has no obvious relation to the displacement energy (25 eV) or surface binding energy



46

(7.41 eV) we set for carbon. Additionally, the effect isn’t visible for tungsten. This may

be due to tungsten not sputtering at all below around 4 keV and therefore not reaching the

equivalent critical value of energy, and the effect may appear if we calculated higher energies.

Finally we note that energy of sputtered particles is much less than the energy of the incident

particle so much energy has been lost to the material. Fig. 3.14 shows that the sputtered

carbon particles have an average x-directional cosine around -0.88 and Fig. 3.24 shows that

after sputtering begins to occur for tungsten, the x-directional cosine quickly approaches

similar values. The negative sign here is again necessary for the particle to be sputtered as

it indicates a direction of travel out of the material. The value of 0.88 corresponds to an

angle of 28 degrees, so the average sputtered particle’s velocity makes an angle of around

28 degrees with the x-axis. The causes of this average angle aren’t immediately obvious but

indicate that most sputtered particles leave the surface at an angle almost normal to the

surface. Fig. 3.15 and Fig. 3.16 for carbon and Fig. 3.25 and Fig. 3.26 for tungsten show

no preferential direction for sputtering in the y- and z- directions. This is expected in the

y-direction since sputtering is a fundamentally different phenomenon then backscattering

or reflection and has more to do with interactions within the lattice, which should tend to

eject the sputtered particles roughly normally to the surface. We also note that since the

directional cosine for both the z- and z-directions are zero on average, the distribution of

sputtered particles is symmetric about this axes, implying some uniform cone around the

x-axis or some ”lumpy” distribution symmetric over the y- and z-axes.

3.4 Boundary Condition

To develop the boundary condition that uses our trained model with the 5N moment plasma

model we turn to the sheath investigation that we mentioned in the second chapter that

informs our understanding of how to implement this boundary condition for the electron

fluid. The experiment took place as described in the second chapter, with the length of the

simulation originally going from 0 to 0.1 then 0 to 1. The results of the simulation from t=0

to t=0.1 are shown in Fig. 3.27-Fig. 3.28.
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Figure 3.7: Backscattering coefficient of carbon TRIM data showing an increase for higher

angles of incidence and reduction for lower angles of incidence and model predicted values

showing good agreement

Figure 3.8: Backscattered energy of carbon TRIM data showing a linear correlation with

incident energy and no dependence on angle of incidence and model predicted values

showing good agreement
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Figure 3.9: Backscattered x-directional cosine of carbon TRIM data showing a value that

corresponds to roughly 48 degrees with few trends and model predicted values showing

good agreement

Figure 3.10: Backscattered y-directional cosine of carbon TRIM data showing a roughly

linear correspondence with angle of incidence and model predicted values showing good

agreement
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Figure 3.11: Backscattered z-directional cosine of carbon TRIM data showing no

preferential direction and model predicted values showing only very small predictions, in

agreement

Figure 3.12: Sputtering yield of carbon TRIM data showing a nearly linear decrease for

values of 200 eV and above, with only a slight dependence on angle of incidence and model

predicted values showing good agreement for values of 200 eV and above
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Figure 3.13: Sputtered energy of carbon TRIM data showing a roughly linear dependence

on ion energy with some outliers for higher energy values and model predicted values

showing good agreement

Figure 3.14: Sputtered x-directional cosine of carbon TRIM data showing a correspondence

to an angle of approximately 28 degrees and model predicted values showing good

agreement
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Figure 3.15: Sputtered y-directional cosine of carbon TRIM data showing no preferential

y-direction and model predicted values showing only very small predictions, in agreement

Figure 3.16: Sputtered z-directional cosine of carbon TRIM data showing no preferential

direction and model predicted values showing only very small predictions, in agreement
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Figure 3.17: Backscattering coefficient of tungsten TRIM data showing a nearly linear

dependence on incident ion energy with some dip for angles of incidence between 0 and 45

degrees and model predicted values showing good agreement

Figure 3.18: Backscattered energy of tungsten TRIM data showing a nearly linear

dependence on ion energy and model predicted values showing good agreement
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Figure 3.19: Backscattered x-directional cosine of tungsten TRIM data showing values

corresponding to ann angle of around 47 degrees with some decrease for increasing angle of

incidence and model predicted values showing good agreement

Figure 3.20: Backscattered y-directional cosine of tungsten TRIM data showing a nearly

linear dependence on angle of incidence and model predicted values showing good

agreement
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Figure 3.21: Backscattered z-directional cosine of tungsten TRIM data showing no

preferential direction and model predicted values showing only very small predictions, in

agreement

Figure 3.22: Sputtering yield of tungsten TRIM data showing no sputtering for low

energies then a roughly linear dependence on incident ion energy above around 4 keV and

model predicted values showing good agreement
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Figure 3.23: Sputtered energy of tungsten TRIM data showing no sputtering below around

4 keV then a roughly linear dependence on incident ion energy above around 4 keV and

model predicted values showing good agreement

Figure 3.24: Sputtered x-directional cosine of tungsten TRIM data showing no sputtering

below around 4 keV then a decrease to greater angles and model predicted values showing

a nearly linear trendline, in agreement



56

Figure 3.25: Sputtered y-directional cosine of tungsten TRIM data showing no preferential

direction and model predicted values showing only very small predictions, in agreement

Figure 3.26: Sputtered z-directional cosine of tungsten TRIM data and model predicted

values showing only very small predictions, in agreement
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Figure 3.27: Positive and negative charge in the electron boundary condition investigation

simulation to t=0.1 with the original presheath boundary conditions on the electrons

Figure 3.28: Positive and negative charge in the electron boundary condition investigation

simulation to t=0.1 with zero normal gradient boundary conditions and the electrons. The

similarity to Fig. 3.27 shows that zero normal gradient boundary conditions preserve charge

neutrality as well as the original presheath boundary conditions over short time scales
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Figure 3.29: Positive and negative charge in the electron boundary condition investigation

simulation to t=1 with the original presheath boundary conditions on the electrons

These results support that the zero normal gradient boundary conditions maintain charge

neutrality, but for general use we would like to be sure the results hold up over longer time

intervals, so we repeat the simulation up to t=1. The results of this simulation are shown in

Fig. 3.29

Upon visual inspection, these figures appear identical and both maintain charge neu-

trality. With these results, we conclude that zero normal gradient boundary conditions on

electrons are appropriate. This is likely due to the zero gradient boundary conditions making

it neutrally favorable for electrons to leave the domain, allowing them to freely respond to

ions that leave the domain. This rounds out the boundary condition for our model, as we

now have conditions for backscattered ions, sputtered neutrals, and electrons.
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Figure 3.30: Positive and negative charge in the electron boundary condition investigation

simulation to t=1 with zero normal gradient boundary conditions and the electrons. The

similarity to Fig. 3.29 shows that zero normal gradient boundary conditions preserve charge

neutrality as well as the original presheath boundary conditions over longer time scales
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Chapter 4

CONCLUSIONS

This work achieved several meaningful results. The first of these meaningful results is

the development and open release of a parser for TRIM files relevant to backscattering,

sputtering, and transmission. The second result is the generation of a dataset of TRIM

data for conditions relevant to a SFS Z-pinch for two different materials. The third result is

the training of two machine learning models on this dataset making accurate predictions for

these conditions. The final result of this work was the development of a boundary condition

for WARPXM that incorporates the trained models for two different materials.

Firstly, the development and open release of a parser for TRIM files relevant to several

important phenomena is significant for advancing the use of TRIM. This work has made

is faster and easier to simulate ion-matter interactions for any ion-material combination

through the advancement of a convenient Python interface. Previously this work would have

required extensive use of TRIM’s GUI, which is highly inconvenient for simulation of multiple

conditions, requiring a manual restart for each condition.

The simulation of the SFS Z-pinch and generation of relevant TRIM data in the form of

a usable dataset is also significant. This dataset supports the generation of models like the

one generated in this work, while also serving as a reference for other projects using TRIM.

The generation of models approximating TRIM for relevant parameters is also signifi-

cant. Our models also have the important feature of effectively denoising the TRIM data

through effectively taking a local average through the process of loss minimization. This

demonstrates that TRIM doesn’t need to be run in full precision to generate models that

are likely more accurate than the individual data points themselves. The completion of this

process demonstrates an effective way to approximate TRIM results for parameters of inter-
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est in plasma simulation, but also any of the other many and varied applications of TRIM

results. In this way this work is applicable to everything from semiconductor manufacturing

to spacecraft development. The models generated can be evaluated orders of magnitude

faster than time it took to generate the data, making is extremely attractive and fulfilling

one of the initial promises of the work.

Finally the development of a boundary condition for three fluid 5N moment plasma

simulations based on the TRIM models generated demonstrates an application of the models

to create a plasma simulation with enhanced accuracy. This functions as a proof of concept

for a process that could be repeated for other plasma simulations of various devices to

increase the accuracy of their own simulations. This process uses the generated TRIM data

efficiently, creating a model that runs fast enough to be evaluated at hundreds of positions

in negligible time on modern hardware.

4.1 Future Work

Future work could improve upon the methods in this work or extend this work. To extend

this work one suggestion would be to simply run TRIM for more conditions and gather

additional data. This additional data will expand the range of applicability of the models

that could be trained on this new data. Additional data could come in the form of increasing

the range of ion energy and angle of incidence, increasing the resolution used, or generating

TRIM data for other materials than those used in this work. This would allow them to

be used in simulations of other devices, or with enough data perhaps as general drop-in

replacements for wall boundary conditions based on the materials used in generating the

data. To improve this work additional data could be gathered at each point in the domain

this work used. Instead of TRIM simulating 2000 ions at each combination of ion energy and

angle of incidence, 3000, 4000, or even 5000 ions could be used instead. This would alleviate

some of the noise in the data and make training the model easier and improve the accuracy of

the model (although likely not by a huge amount as the model already smoothes out a great

deal of the noise in the data). This would be relatively straightforward, with the way the
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existing data has been saved, allowing for simply adding more data while retaining use of the

existing data. Generally, the creation of open datasets of TRIM data for various parameters

and materials would make applications of this approach easier and more convenient. Models

trained on these datasets could then be openly released themselves, allowing anyone to have

easy access to simulation tools for any wall material they desire. The models trained in this

work take up less than 25 MB of disk space to store, so a repository of these models, are

likely larger models that are applicable over a broader range of parameters is very feasible.

Similarly, while the total TRIM dataset generated for carbon takes up 735 MB and the

dataset for tungsten takes up 966 MB, most of this data isn’t particularly relevant for this

work, and isn’t in a compressed form. An array containing the data used for our purposes

and compressed using Python’s pickle format takes up only 259 KB for carbon or tungsten.

The use of the data could also be improved through acknowledgement of the fact that fluid

models rely on an assumed Maxwellian function at each point in the simulation. This is

currently unaccounted for in the boundary condition or TRIM data generation processes,

where we assume the fluid consists of a beam of monoenergetic particles. One way to deal

with this is to generate TRIM data for a more expansive range of parameters than we have

in this work then sample the distribution of ion energies and angles of incidence assumed

and generate predictions for all these values. These values can then be weighted according

to the value of the distribution function at their location in parameter space. Alternatively,

the whole process of generating TRIM data could be overhauled to account for this effect

for the 5N moment model. By this we refer to reframing the data generated to directly

consider the plasma properties it was generated for. The TRIM data could be generated

using some incident ions with lower energies and angles of incidences and some incident

ions with higher energies and angles of incidence, with the number of ions simulated for

each condition determined from the value of the distribution function for those parameters.

In this way, more accurate data could be generated effectively as a function of the plasma

parameters as represented in the 5N moment model. Finally, we note that if the current

setup is used, it may be prudent set some of the directional cosines that are approximately
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zero to zero and eliminate the small amount of noise present even in the model predicted

values that isn’t meaningful.

Improving this work could also take the form of using more sophisticated machine learning

methods to approximate the data. These models could perhaps incorporate physical under-

standing or known dependencies instead of working purely from the given data. Another

way to extend this work would be to apply the trained model to different fusion devices. The

work could also be extended by checking the results of a simulation using a trained model on

actual data from the experiment being modelled by the simulation. For instance, the density

of sputtered neutrals in the plasma could be measured and compared with the propagation

observed in the simulation. The process of hyperparameter optimization could also be auto-

mated through existing techniques such as random search, Bayesian optimization, and the

Hyperband algorithm[13]. Although the complete process would involve significant amounts

of computation, the automation of the process would allow for human efforts to be directed

elsewhere while the work is taking place, maximizing productivity. Another way to improve

the work would be to further optimize the implementation of the boundary condition. The

boundary condition currently makes predictions for each point its applied to individually but

as machine learning packages are optimized for predictions on batches, the implementation

could be parallelized to realize a significant speedup, saving on loading the model each time

the boundary condition is evaluated. This work could also be improved by using an initial

simulation that incorporates sheath boundary conditions, giving a more accurate expectation

for the energy that ions would have near a physical wall. Overall, this work represents a

novel approach to accurately modelling physical walls in plasma simulation and accordingly

significant opportunities exist for improvement and extension.
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Appendix A

TRIM DATA COLLECTION NOTEBOOK

The programming for this work took place partially in a Jupyter notebook for conve-

nience. The Jupyter notebook used to generate TRIM data for a given range of energies and

angles of incidence is given in the following pages.
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Appendix B

MODEL CREATION NOTEBOOK

The Jupyter notebook used to train our machine learning models is included in the

following pages.
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