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Abstract

The Earth’s lunar-distance magnetopause is a highly dynamic boundary. Its position plays a
key role in shaping weather events within the magnetotail and other space-weather phenom-
ena. Statistical studies of the magnetotail require the identification of magnetopause crossings
from spacecraft observations to study its dynamics. However, current detections have some
shortcomings. Detecting magnetopause crossings can be time-consuming with rule-based
methods and manual inspection, especially at the lunar distance due to its variability. Recent
automated classifiers do cover larger datasets, but often miss the dynamic nature of the mag-
netopause, due to their coarse timing and limited number of detected events. This limits the
usability of these datasets for detailed studies of magnetotail dynamics.

This thesis addresses these challenges by developing and evaluating machine learning ap-
proaches for detecting magnetopause crossings in the lunar-distance magnetotail using AR-
TEMIS mission data. First, a gradient-boosted decision tree is used as a baseline, trained
to classify magnetosheath and magnetotail samples. Afterwards, a double masked autoen-
coder (MAE) Transformer is introduced. This model uses a reconstruction-based method to
detect changes in plasma regimes and shifts from the magnetotail to the magnetosheath and
vice versa. Both models are trained and validated using a labelled dataset, combining ion
spectrograms, plasma moments, and a list of known magnetopause crossings.

The results show that the MAE Transformer achieves higher precision with similar recall, and
improves timing accuracy compared to the baseline. The MAE transformer is applied to twelve
years of ARTEMIS P1 and P2 data, detecting around 3000 magnetopause crossings. The
spatial distribution of these crossings matches well with empirical magnetopause models, and
a clear correlation to the solar cycle is observed. Outliers in the detected crossings are linked
to solar and geomagnetic activity.
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1
Introduction

This introduction chapter presents the motivation, research objective, and structure of the
thesis.

1.1. Motivation

The Earth’s magnetopause, the dynamic boundary between the solar wind and the magneto-
sphere, plays a key role in regulating how the solar wind interacts with the Earth’s magnetic
environment. On the dayside, the solar wind compresses the magnetopause, while on the
nightside it extends into the long magnetotail. The magnetotail can be heavily shaped by sub-
storms and reconnection events in this tail. Identifying magnetopause crossings is crucial for
studying these dynamics. Additionally, the data can help validate magnetopause models, and
support space weather research.

Traditionally, boundary crossings have been detected using manual inspection or threshold-
based methods. These approaches are effective but time-consuming, and in the case of a
dynamic environment like the lunar-distance magnetotail, can be inconsistent and inaccurate.
Recent machine-learning methods automate boundary crossing detection, but aren’t precise
enough to capture the rapid movement of the at large distances. This limits their usefulness
for detailed studies of magnetotail dynamics.

1.2. Research Objective

This thesis aims to design and evaluate an automatic machine-learning method for detecting
magnetopause crossings in spacecraft data, with emphasis on the lunar-distance magnetotail
sampled by ARTEMIS. Additionally, a preliminary analysis of the detected crossings is per-
formed to research their patterns and relation to solar wind and geomagnetic conditions. The
central aim of this thesis is formalised as:

RO-1:To design and implement an automaticmachine learning-basedmethod
for detecting magnetopause crossings in spacecraft data.

To address RO-1, two complementary models are developed and compared:

1. A gradient-boosted decision tree (GBDT) baseline using reduced spectrogram statis-
tics and plasma moments, extended to tail conditions, based on historical methods.

1
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2. Amasked-autoencoder (MAE) Transformer, which exploits spectrogram-moment win-
dows and reconstruction-based change detection to capture temporal context.

Model training and selection are organised around criteria that reflect the needs for statistical
studies of space-weather research. Criteria like precision, temporal accuracy, recall, F-scores,
and computational efficiency are taken into account. Verification and validation is performed
using a labelled dataset of known crossings, with sensitivity studies to assess robustness and
pre- and post-processing effects.

1.3. Thesis Structure

The remainder of the thesis is organised as follows. Chapter 2 reviews the physical back-
ground of the magnetosphere. Afterwards, it delves into prior detection methods and other
relevant magnetotail research. Chapter 3 formalises the problem, research questions, and
constraints, and provides a work plan for the research. Chapter 4 delves into machine learn-
ing event detection methods and applies a qualitative trade-off to find the best models for
boundary crossing detection. Chapter 5 discusses the data preprocessing pipeline as well
as model architectures. Chapter 6 outlines the optimisation of the model, and performs an
optimisation and sensitivity analysis on pre- and post-processing steps. Chapter 7 reports the
results of the model, showing the boundary crossing dataset that is produced from ARTEMIS
data between 2013 to 2023. Finally, Chapter 8 concludes the thesis, summarising the key
findings and answering the research questions.



2
Literature Review

This chapter provides a comprehensive review of the literature relevant to the study of the
Earth’s magnetosphere and magnetotail. The chapter is organized into several sections, each
addressing a specific aspect of the topic.

Section 2.1 introduces the Earth’s magnetosphere and magnetotail, explaining their formation,
structure, and interaction with the solar wind and interplanetary magnetic field (IMF). It also
covers fundamental concepts such as magnetohydrodynamics, magnetic reconnection, and
the near-Earth space environment properties. Section 2.2 discusses traditional methods for
identifying the magnetotail boundary, including empirical models, visual boundary crossing
determination, and semi-automated approaches. Section 2.3 explores state-of-the-art tech-
niques for boundary crossing identification, focusing on neural network-based and decision
tree-based methods. These approaches leverage machine learning to improve the accuracy
and efficiency of boundary detection. Section 2.4 reviews recent advancements in magnetotail
boundary modelling, highlighting the integration of machine learning with physics-based mod-
els to enhance predictive capabilities. Finally, Section 2.5 provides an overview of datasets
used for magnetotail boundary crossing studies, detailing their sources, characteristics, and
applications in research.

2.1. Introduction to the Magnetosphere and Magnetotail

The Earth’s magnetosphere is formed due to the interaction between the planet’s internally
generated dipolar magnetic field and the solar wind, which consists of a supersonic, mag-
netised plasma emitted by the Sun. This interaction leads to the creation of complex electric
current systems that influence the topology and dynamics of the magnetosphere. Understand-
ing these current systems is essential for comprehending space weather phenomena and their
impact on Earth.

3
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Figure 2.1: Schematic representation of the Earth’s magnetosphere. The solar wind compresses the
magnetosphere on the dayside and elongates it on the nightside. The boundary separating the magnetosphere

from the solar wind is called the magnetopause [65].

Earth's Magnetic Field
Planets cannot have permanent internal magnets because their internal temperatures exceed
the Curie point for ferromagnetic materials like iron to keep their magnetism [36]. Instead, mag-
netic fields are created by electric currents flowing within conductive fluids inside the planet
through what’s called a magnetic dynamo. This dynamo occurs because the planet’s interior
fluid moves due to heat-driven convection, combined with the planet’s rotation. These fluid
motions stretch and twist magnetic field lines, producing strong, looped (toroidal) magnetic
fields from an initially simpler (poloidal) magnetic field. The convection cells continuously re-
generate the poloidal field, allowing the magnetic field to maintain itself over very long periods
[36].

Computer simulations since the 1990s have confirmed this dynamo theory, successfully ex-
plaining why Earth’s magnetic field persists and occasionally reverses direction [36]. In planets
like Jupiter and Saturn, the dynamo is driven in deep layers of conductive metallic hydrogen,
whereas Uranus and Neptune generate magnetic fields in shallower ionic layers closer to their
surfaces. The dynamo mechanism thus explains the long-lasting, self-sustaining, and period-
ically changing magnetic fields observed across planets and moons.

The Solar Wind and the Interplanetary Magnetic Field
In the Sun’s chromosphere, a region of the solar atmosphere between 2000 and 10000 km
above the Sun’s surface, small loop-like structures connect sunspots. These sunspots are
darker compared to the surrounding regions of the Sun due to their lower temperature (T ≈
4000K) compared to the average temperature (T ≈ 5750K). These spots exhibit higher mag-
netic field strengths and are typically paired. Each pair consists of two sunspots with oppo-
site polarity, and in a loop-like structure, magnetic field lines connect them. The number of
sunspots follows an 11-year cycle, where the polarity, together with the Sun’s magnetic field,
reverses in every cycle. Charged solar particles follow these loop-like structures in a spiralling
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motion explained by the Lorentz force, and, in normal circumstances, do not escape the Sun’s
corona [36].

In some regions, called coronal holes, the magnetic field lines originating from the Sun open
up into interplanetary space. In this case, charged particles originating from the Sun can easily
escape the corona and feed the solar wind. Depending on solar activity, velocities near Earth’s
orbit vary. During solar maxima the solar wind velocity is around 400 km/s, while during solar
minima the velocity is still on average 400 km/s near the ecliptic plane but, at higher solar
latitudes, can reach around 800 km/s. The solar wind consists of charged particles, mainly
protons and electrons in equal proportions, and a small fraction of heavier ions. At Earth’s
orbital distance, the ion density is typically 6–7 protons cm−3, the temperature is around 105K,
and the magnetic field strength is around 5 nT [36].

While the solar wind radially flows from the Sun’s surface into outer space, the magnetic field
lines follow a different path. Since the solar wind is a high-temperature neutral plasma, it acts
similarly to a perfect conductor (infinite conductivity); magnetic field lines are carried with it due
to the frozen-in condition as described by magnetohydrodynamics. Due to the Sun’s rotation,
these carried magnetic field lines form an Archimedean spiral structure called the Parker spiral,
first described by Parker (1958, [54]). This phenomenon is illustrated in Figure 2.2.

Figure 2.2: The Parker spiral, a spiral-like structure formed by the solar wind magnetic field lines [27].

The solar wind and IMF’s properties significantly change due to space weather. Space weather
is a broad term used to describe the changing conditions in the solar–terrestrial environment.
The solar wind plays an important role in this, with many solar events influencing the envi-
ronment. Coronal holes, as described earlier, feed the solar wind with high-velocity streams.
These high-velocity winds, due to the Sun’s rotation, run into slower ambient solar winds and
cause shock fronts where particles accelerate locally, andmagnetic field lines are compressed,
increasing their strength [36]. Coronal mass ejections (CMEs) are another source of large
disturbances in the solar wind. Sometimes large prominences (the loop-like structures con-
necting sunspots) can erupt due to magnetic reconnection and cause a CME, catapulting a
large amount of plasma into space at high velocities (up to 2000 km/s) [36]. These CMEs can
cause shocks and compressions in the solar wind, which can create very high-energy parti-
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cles and disturb planetary magnetospheres. Coronal mass ejections are often, but not always,
associated with solar flares. At the start of solar flares, magnetic field lines reconnect, which
causes high-energy release and the acceleration of charged particles. Afterwards, reconnec-
tion continues and becomes visible through UV and X-ray radiation, forming loops. The effect
of these solar events on Earth’s environment is often called space weather storms [36].

Magnetohydrodynamics
The solar wind’s plasma consists of many charged particles. These charged particles interact
intimately with magnetic fields, including the IMF and planetary magnetic fields. The interac-
tions of these moving charged particles, electric fields and magnetic fields are described by
the Maxwell equations, described here shortly in differential form.

Gauss’s law shows how the electric field E is influenced by charge density ε0.

∇ ·E =
ρ

ε0
(2.1)

Gauss’s law for magnetism shows how magnetic fields B do not originate from point sources,
and field lines form closed loops.

∇ ·B = 0 (2.2)

Faraday’s law of induction shows how electric fields and time-varying magnetic fields are re-
lated.

∇×E = − ∂B

∂t
(2.3)

The Ampère-Maxwell law shows how currents J and time-varying electric fields are related to
magnetic fields.

∇×B = µ0 J+ µ0 ε0
∂E

∂t
(2.4)

Not one of the Maxwell equations, but still important in the context of the solar wind is the
Lorentz force. The Lorentz force describes the force acting on a charged particle moving in
an electric field E and a magnetic field B.

F = q (E+ v ×B) (2.5)

Typically, the term containing time-varying electric fields in Equation 2.4 is very small in plan-
etary magnetic fields, and can be ignored [36]. Two important takeaways can be made from
Maxwell’s equations (and the Lorentz force) regarding the interaction of the solar wind and
magnetic fields. Charged particles spiral around magnetic field lines in a spiral motion. Pos-
itively charged particles move clockwise and negatively charged particles anticlockwise. Ad-
ditionally, the currents induce a magnetic field that opposes the original field that caused the
generation of the current, weakening the magnetic field strength.

The solar wind acts as a plasma. A plasma is similar to a fluid; in the absence of magnetic
fields, its movement can be described by hydrodynamic equations. However, electric and
magnetic fields greatly influence the flow of plasma, and the hydrodynamic equations look
slightly different because of their effects. The flow of plasma (or any conductive medium) in
the presence of magnetic fields can be described by Equation 2.6, which is Ohm’s law with an
extra term accounting for the Lorentz force.
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J = σ (E+ v ×B) (2.6)

In the case of plasma, which is highly conductive due to high ionisation and high temperatures,
the term J

σ reduces to close to zero [10]:

E+ v ×B = 0 (2.7)

This equation shows that when moving with the reference frame of the plasma, the electric
field is zero. Substituting E in Faraday’s law of induction with Equation 2.7 gives the following
equation [57]:

∇× (v ×B) =
∂B

∂t
(2.8)

A simple way to understand what this equation tells us is to imagine moving with the plasma’s
moving with the plasma’s rest frame. In this case, the velocity v is zero, meaning that the
magnetic fieldB is not changing over time in this frame and thus moves with the plasma. This
is known as the frozen-in condition, and is a fundamental concept in magnetohydrodynamics.
Plasma in ideal MHD cannot move across magnetic field lines; instead, magnetic field lines
are dragged with the plasma. This phenomenon can be used to explain a lot of the behaviour
of the solar wind and the IMF, and their interactions with planetary magnetic fields.

The Interaction of the Solar Wind and IMF with the Earth's Magnetosphere
Bodies with an internal magnetic field, like the Earth, interact with the solar wind and interplan-
etary magnetic field. The Earth’s magnetic field is an approximate dipole field, with a north
and south magnetic pole. This magnetic field is confined by the solar wind to a region called
the magnetosphere. This magnetosphere’s shape depends heavily on the solar wind’s proper-
ties, the IMF’s properties and the strength of Earth’s magnetic field. The IMF’s magnetic field
lines get draped around the Earth’s magnetic field, and the solar wind moves around it. The
boundary between the solar wind and the magnetosphere is called the magnetopause. The
magnetopause is a thin boundary where the solar wind’s dynamic pressure is balanced by the
Earth’s magnetic field pressure. At the nightside of Earth, this magnetopause stretches out
into a long tail-like structure called the magnetotail. The magnetotail has two lobes, the north-
ern and southern lobes with opposite polarities, and a plasma sheet in between. A bow shock
forms in front of the magnetosphere where the super-magnetosonic solar wind is suddenly
slowed, heated, and compressed. This occurs because the solar wind is moving faster than
the fast magnetosonic speed, which is the speed at which information (like pressure changes
or magnetic disturbances) can propagate in a plasma. As a result, the solar wind can’t ”see”
the magnetosphere in advance, and a shock forms to mediate this abrupt change [36]. A
sketch can be seen in Figure 2.1.

The position of the magnetopause can be estimated by the balance of the solar wind’s dynamic
pressure and the Earth’smagnetosphere pressure. The solar wind’s dynamic pressure is given
by:

Psw = ρswv
2
sw (2.9)

where ρsw is the solar wind density and vsw is its velocity. The Earth’s magnetospheric pressure
is given by:

Pm =
B2

2µ0
+ Pthermal (2.10)
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where B is the magnetic field strength at the magnetopause, and Pthermal is the thermal pres-
sure of the magnetosphere. The Pthermal is typically very small compared to the magnetic
pressure, and can be ignored.

At the equator, using an approximation that the Earth’s magnetic field is a dipole, the magnetic
field strength at the magnetopause can be estimated by:

Beq(r) =
µ0

4π
· M
r3

(2.11)

where M is the magnetic dipole moment of the Earth, and r is the distance from the centre
of the Earth. The magnetopause radius can be estimated by setting the solar wind pressure
equal to the magnetic pressure at the magnetopause. This gives us:

rmp =

(
µ0M

2

32π2 ρsw v2sw

)1
6

(2.12)

In normal conditions, Equation 2.12 gives a good estimate of the magnetopause radius at the
dayside of Earth. The standoff distance of the magnetopause is typically around 6 to 15 Earth
radii [36].

Due to the Earth’s rotation around the Sun and the non-radial propagation of the solar wind,
an aberration of the magnetotail’s central axis occurs. This is typically taken into account
by using a modified GSE coordinate system called the aGSE or aSWGSE [15]. The GSE
coordinate system is a coordinate system where the x-axis points towards the Sun, the z-axis
is perpendicular to the ecliptic plane and points north, and the y-axis completes the right-
handed coordinate system. To alter this coordinate system to point towards the magnetotail
axis instead of the Sun-Earth line, two rotations are applied. First, the rotation about the Z-
axis, taking into account the angle at which the solar wind comes when looking at the ecliptical
plane 2D view:

δY = tan−1

(
Vy + 30

|Vx|

)
(2.13)

where Vx and Vy are the solar wind’s velocity components in the GSE coordinate system. The
second rotation is about the Y-axis, taking into account the angle at which the solar wind comes
when looking at the xz-plane 2D view:

δZ = tan−1

(
Vz√

V 2
x + (Vy + 30)2

)
(2.14)

here, 30 is used as it is the average velocity of the Earth around the Sun. The new coordinates
can then be given by the following transformation matrix [1]:

xaswgseyaswgse
zaswgse

 =

cos δY cos δZ − sin δY cos δZ − sin δZ
sin δY cos δY 0

cos δY sin δZ − sin δY sin δZ cos δZ

xgseygse
zgse

 (2.15)



2.1. Introduction to the Magnetosphere and Magnetotail 9

Additionally, to take into account the rotated dipole of the Earth, the aSWGSE can further be
rotated by an angle to the aSWGSM coordinate system [1, 21]. This is further explained in
Appendix C.

Magnetic Reconnection
Magnetic reconnection events happen when oppositely oriented magnetic field lines enter a
diffusion region from the top and bottom, where the frozen-in condition breaks down. These
magnetic field lines are then reconnected to the oppositely oriented magnetic field lines, and
leave from the sides. Energy released from this event energises the plasma that entered the
diffusion region with the magnetic field lines, and accelerates it out the sides [36].

Figure 2.3: Magnetic reconnection illustration at an x-type magnetic neutral line. Magnetic field lines and plasma
flow in from the top and bottom, and are reconnected and accelerated out the sides. [26]

In the magnetopause, reconnection can occur when the IMF and the Earth’s magnetic field
are oppositely oriented. Typically, this happens during a southward-oriented IMF. In this case,
the IMF’s magnetic field lines are oppositely oriented to the Earth’s magnetic field lines at the
subsolar point. This causes magnetic reconnection to occur. The reconnected magnetic field
lines are dragged towards the tail of the magnetosphere by the solar wind flowing around it.
The magnetic field lines enter the tail lobes and are stretched out into the tail. The magnetic
field lines can cause another reconnection event to occur in the plasma sheet, a region with
higher plasma pressure which interfaces the differently oriented magnetic field lines in the two
lobes of the tail. This reconnection event can cause the plasma sheet to be energised and the
plasma to be accelerated towards the Earth. Magnetic field lines can be convected back to
the dayside again, forming a loop. In a stable loop, this was first described by Dungey (1961,
[16]), and is called the Dungey cycle.
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Figure 2.4: The Dungey cycle, a schematic representation of the Earth’s magnetosphere and the solar wind. The
solar wind compresses the magnetosphere on the dayside and elongates it on the nightside. The magnetic field
lines are reconnected at the magnetopause (1), and are stretched out into the tail (2-3). The magnetic field lines
can be reconnected again in the plasma sheet (4), and convected back to the dayside forming a loop (6-7) [66].

However, in reality, the Dungey cycle is not perfect. The IMF is rarely perfectly southward
oriented. The amount of reconnection greatly depends on the IMF’s orientation and strength.
Moreover, reconnection rates in the tail and at the magnetopause are almost always different,
and give rise to magnetospheric substorms due to magnetic field strength build-up. These
substorms cause great variability in the magnetosphere’s properties and shape [18]. Depend-
ing on the IMF’s orientation and the solar wind’s dynamic pressure, the magnetotail will look
very different.

Near-Earth Space Environment Properties
Knowing the Near-Earth Space Environment Properties’ differences in the near-Earth space
environment properties is important for identifying boundary crossings and studying the mag-
netotail shape. Parameters like plasma density, temperature, and magnetic field strength help
differentiate between regions such as the solar wind, magnetosheath, and magnetosphere.
Changes in these parameters indicate boundary transitions, helping with the detection of mag-
netopause and bow shock crossings. These properties also affect the magnetotail’s structure
and behaviour, which can help model its shape and response to solar wind and IMF conditions.
Table 2.1 below summarises the typical plasma and field properties in these regions, based
on [39].
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Property Solar Wind Magnetosheath Magnetosphere
Density (cm−3) 1–10 10–100 <1 (in plasma sheet

and lobes), localized
peaks

Ion
Temperature
(eV)

∼1–10 eV ∼100–300 eV,
increases near
magnetopause

∼1–10 keV,
especially in the
plasma sheet and
outer regions

Electron
Temperature
(eV)

∼1–10 eV ∼10–100 eV ∼100–1000 eV

Magnetic Field
(nT)

∼4 (typical IMF) Enhanced, turbulent Strong, structured
(Earth’s dipole)

Table 2.1: Comparison of plasma and field properties in the solar wind, magnetosheath, and magnetosphere
based on [39].

Due to the solar cycle and Earth’s orbit, long-term distribution shifts in plasma moments and
magnetic field data are likely to occur. Ma et al. (2022, [38]) discusses that over the solar cycle,
the solar wind’s density, speed, and magnetic-field properties change and shows that those
upstream shifts directly alter conditions in the magnetosheath and tail. Because the sheath is
formed by the shocked solar wind and the tail is fed and shaped by that same flow, changes
in solar-wind pressure and IMF strength over the cycle lead to corresponding shifts in plasma
density, temperature, and structure in both regions.

2.2. Traditional Methods for Identifying the Magnetotail Boundary

The first spacecraft observations of Earth’s geomagnetotail began in the mid-1960s, notably
with NASA’s IMP-1 mission launched in 1963, providing initial insights into the extended struc-
ture of Earth’s magnetic field away from the Sun [47]. Subsequent missions, including Explorer
35 and the Vela satellites, deepened understanding by confirming the magnetotail’s stretched
configuration, plasma sheet characteristics, and the occurrence of magnetic reconnection [47,
8]. In the 1970s and 1980s, spacecraft like ISEE-1, ISEE-2, and ISEE-3 further advanced
knowledge by exploring the tail dynamics, magnetic substorms, and particle acceleration pro-
cesses [63, 76]. These early decades set the foundation for understanding the geomagnetotail
as a dynamic, highly structured region crucial to space weather research [9].

2.2.1. Empirical Models for Magnetopause Determination

Since the first boundary crossings were recorded, many statistical studies have been per-
formed to find empirical models for the magnetotail boundary. Many used similar methods
with slightly different fitting functions, while taking the same parameters into account. In this
subsection, some of the most remarkable of these studies will be discussed.

The first analytical expression derived for the magnetotail boundary came from Howe (1972,
[25]). They did this by being the first to correct for the aberration due to the solar wind, and in
this way, came up with the first solar wind-aligned coordinate system. Their fitting method was
subjective, using inverse tangent and radical algebraic functions to fit the boundary crossings
that came from the Explorer 33 and Explorer 35 spacecrafts. The cross-section of the magne-
totail when looking from behind the Earth in the sun direction was assumed to be circular.
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Many empirical models developed based on spacecraft measurements assume symmetry
about the aberrated x-axis, circular cross-sections, and mostly do not take into account IMF
orientation and variable dynamic pressure. In Sibeck, Lopez, and Roelof (1991, [71]), around
1800 boundary crossings were used from many different spacecraft and missions since the
early 70s. These boundary crossings were found by visually inspecting plasma and magnetic
field data. The study used quadratic polynomials to describe the square of the radius of the
magnetopause in the yz-plane. To do this for differing IMF and solar wind conditions, they
used a binning strategy, where five to six bins were made for both pressure ranges and IMF
Bz ranges. No combined formula of both effects was calculated, but the effect of the solar
wind dynamic pressure was taken into account for the IMF equation by changing the subsolar
magnetopause location. In Roelof (1993, [61]), similar methods are used, but the radius is
now defined by a bivariate function of the solar wind dynamic pressure and IMF Bz values
for different bins. In this case, they constructed bins in a control space along different axes
(rotated versions of pressure and IMF Bz ), creating overlapping bins. Each bin encompassed
magnetopause crossings corresponding to similar solar wind conditions.

Kuznetsov and Suvorova (1998, [34]) used parabolic models to try and fix discrepancies in
Roelof (1993, [61]) for Bz values, giving a false dependency on positive values. Petrinec
(1996, [55]) used an empirical model derived for the flaring angle of the magnetotail to de-
termine a relation for the radius of the tail. They also addressed limitations of elliptical and
parabolic empirical functions at large distances by using inverse trigonometric functions to
better describe the nightside magnetopause.

Shue et al. (1998, [70]) developed an improved empirical model for magnetopause location
that builds on Shue et al. (1997, [69]). Their model uses a flexible functional form to represent
both open and closed magnetospheric configurations depending on IMF conditions. By incor-
porating the IMF By component to adjust tail flaring, the model better accounts for variations
in magnetotail geometry. A key improvement was including non-linear relationships between
solar wind dynamic pressure, IMF Bz, and the subsolar standoff distance, which captures sat-
uration effects under extreme solar wind conditions where earlier linear models failed. This
results in greater accuracy in reproducing observed magnetopause crossings, even during
intense solar wind events when the boundary is compressed.

In many of the studies named, the contribution of the IMF on the magnetopause shape is con-
sidered by taking into account a Bz factor, and a circular cross-section is assumed. However,
By can significantly flatten and elongate the tail cross-section, making boundary detection dif-
ficult. In Akay, Kaymaz, and Sibeck (2019, [1]), this study examines the cross-section in the
yz-plane of the aSWGSM 2.15 coordinate system was studied at a distance of -60 RE . The
study used magnetopause boundary crossings from the ARTEMIS P1 and P2 satellites from
August 2011 until August 2013. They used clock angles, split up into 4 regions, to describe the
orientation of the IMF, and used this binning strategy to find the cross-section dependence of
the magnetotail. They found that east-west-oriented IMF fits oblate ellipses more, and north-
south IMF indicates a prolate ellipse. Both increasing positive and negative Bz were found to
decrease the tail size, with the rate of decrease slightly faster in the negative case.

Nguyen et al. (2022, [49]) focuses on refining the empirical understanding of the magne-
topause’s location and shape under varying solar wind and IMF conditions. It uses a large,
multi-mission dataset of 17,230 magnetopause crossings from 17 spacecraft (including TH-
EMIS, MMS, Cluster, ARTEMIS, etc.), most of which were automatically detected using the
gradient boosting region classifier described in Nguyen et al. (2022, [48]), later discussed in
subsection 2.3.2. The study excludes cusp-region crossings to focus on more stable boundary
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geometries. The authors analyse how key factors like solar wind dynamic and magnetic pres-
sure, IMF Bz and By components, and the Earth’s dipole tilt influence the stand-off distance
and magnetopause flaring. They confirm a power-law relation between stand-off distance and
total pressure, consistent with earlier models, and show that meridional flaring increases under
southward IMF, while equatorial flaring dominates during northward IMF. They also provide
updated empirical formulas to describe this behaviour, accounting for clock angle and dipole
tilt dependencies.

2.2.2. Visual Boundary Crossing Determination

Traditional boundary crossings were mostly found by inspecting the data visually. An example
can be seen in Figure 2.5. This figure shows a 12-day segment of ARTEMIS-P1’s journey
through the magnetotail from November 4 to 16, 2011, highlighting the different space regions
it encountered at lunar distance. The top panel uses coloured hatched lines to indicate these
regions, while the other panels present magnetic field components (Bx, Btot), plasma density,
temperature, velocity (Vx, Vtot), and ion measurements.

Figure 2.5: An example of magnetotail traversal in Nov. 2011. Vertical lines indicate bow shock (green) and
magnetopause crossings (red) when ARTEMIS enters and exits the tail from left to right [1].

During a magnetopause crossing as seen in Figure 2.5, the ARTEMIS spacecraft typically
detects clear changes in plasma properties. As it moves inward from the magnetosheath into
the magnetotail, high-energy particle flux disappears, plasma temperature rises sharply, and
both density and total velocity drop. The opposite occurs during outbound crossings. These
transitions, along with differences in particle energy levels, help identify the magnetopause
boundary.
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2.2.3. (Semi-) Automated Methods for Boundary Crossing Detection

Staples et al. (2020, [73]) uses a semi-automated, rule-based algorithm based on sudden
changes inmagnetic field (Bz) and ion density, which had to occur in a short timewindow. Initial
manual classification of 18 clear THEMIS-E crossings was used as training data. Candidate
crossings were identified using empirically set thresholds and thenmanually verified to remove
false positives. This resulted in a validated dataset of 20,000 dayside crossings.

In a similar way for the magnetotail, in Raymer (2020, [60]) the authors developed a new
set of plasma-based criteria. The method is rule-based and uses thresholds on parameters
like plasma velocity, density, and magnetic field variability. Specifically, a crossing is identi-
fied when there is a sharp change in X-direction plasma flow (greater than 100 km/s differ-
ence), combined with a velocity shift from near-stagnant inside the magnetosphere to faster
anti-sunward flow in the magnetosheath (less than -100 km/s). Density must also jump, and
magnetic field variability must increase across the boundary.

2.3. State of the Art: Boundary Crossing Identification

Boundary crossing detection is a crucial task in space physics, particularly for understand-
ing the dynamics of the magnetosphere and its interaction with the solar wind. Traditional
methods, while historically effective, often rely on subjective interpretation of data. Recent
advancements in machine learning and data analysis techniques have opened new ways of
automating this process.

2.3.1. Neural Network Based Methods for Boundary Crossing Detection

Argall et al. (2020, [2]) presents amachine learningmodel developed to automate the detection
of magnetopause (MP) crossings in data from NASA’s MMS mission. These crossings are
key to studying magnetic reconnection, but due to data limits, only 4% of high-resolution
data can be downlinked. Traditionally, a Scientist-in-the-Loop (SITL) manually selects these
events. The goal of the paper is to reduce that manual burden through automation. The
machine learning model is a Bidirectional Long Short-Term Memory (BiLSTM) neural network,
designed to process time series data and identify MP crossings using the same low-resolution
data available to SITLs. It takes in 123 features, including magnetic field vectors, electric
fields, plasma density, velocity, temperature and anisotropy, and more derived metrics. Data
is normalised and broken into sequences of 250 time steps (at 4.5 s resolution) for training.
The model was trained on SITL-labelled data and implemented into the mission’s operational
system. It achieved a high performance, identifying 78% of MP crossings labelled by scientists.

Cheng, Achilleos, and Smith (2022, [13]) explores how to automate the detection of Saturn’s
bow shock and magnetopause using Cassini spacecraft data. They compare two methods.
The threshold method calculates magnetic and plasma parameters within sliding windows
and applies optimised fixed criteria to detect crossings. While simple and fast, it struggles
with variable field features. The deep learning method uses a ResNet18 convolutional neural
network (CNN) trained on images of magnetic field and electron spectrogram data. An LSTM
autoencoder first filters out uninteresting intervals. The CNN is trained on 2004-2011 data and
tested on 2012, with gradient-weighted class activation mapping (Grad-CAM) used to interpret
its predictions. Results show that the CNN, especially with CAPS spectrograms, significantly
outperforms the threshold method. It achieved F1 scores of 92.1% (BS) and 84.7% (MP),
and identified many new crossings, updating existing catalogues. Its compact size and fast
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inference time make it well-suited for onboard use in future missions.

Azib et al. (2023, [4]) introduces a regression-basedmethod for detecting events in multivariate
time series, addressing issues like imbalanced datasets, rare events, and events defined over
time intervals. The method transforms the time series into overlapping windows (partitions),
each converted into a fixed-size input vector. Instead of classifying each time step as “event”
or “non-event,” a regression model predicts how closely each window overlaps with a ground-
truth event, using a Jaccard similarity-based score. These scores are treated as a continuous
signal, where peaks indicate events. A feedforward neural network (FFN) with a single hidden
layer is trained to learn this mapping. The authors demonstrate mathematically (via univer-
sal approximation theorems) that this simple FFN can approximate the overlap function with
arbitrary precision under mild continuity assumptions. After training, the output of the FFN is
smoothed using a Gaussian kernel, and peak detection is applied to extract final event predic-
tions. Parameters like the Gaussian width and peak threshold are optimised to maximize the
F1 score. Tested on credit card fraud and bow shock crossing datasets (from Mars Express),
the method outperforms traditional classifiers and deep models like ResNet18, achieving an
F1 score of 95% for bow shock detection, while using far fewer parameters, making it suitable
for resource-limited environments.

Julka et al. (2023, [30]) presents a deep learning approach to detect bow shock and magne-
topause crossings in Mercury’s magnetosphere using data from NASA’s MESSENGER mis-
sion. The task is framed as a multi-class, time-step-level classification problem with a future
prediction component. Input data windows are passed through a neural network to predict
the class of both the current and upcoming time steps. They test several model architectures
(MLP, CNN, RNN, CRNN, CANN), and find that a Convolutional Recurrent Neural Network
(CRNN) performs best, achieving a macro F1 score of 82%, with recall of 78% for bow shock
and 86% for magnetopause crossings.

In Julka, Ishmukhametov, and Granitzer (2024, [29]), using MESSENGERmagnetic field data,
the authors aim to detect concept drifts, changes in orbit data distribution caused by variable
space weather, and adaptively sample the most informative orbits for training a CRNN (Con-
volutional Recurrent Neural Network) classifier to detect bow shock and magnetopause cross-
ings. The approach uses a GAN-based drift detector to identify orbit groups with similar mag-
netic features, then applies entropy-based sampling within each group to select training data.
This ensures diverse coverage while minimising the number of labelled orbits needed. Com-
pared to baseline methods using entropy alone or random sampling, this method achieved
higher F1 scores, especially for bow shock crossings, and reached saturation in performance
with only 250-300 orbits (under 10% of the dataset). A custom smoothing filter was also intro-
duced to improve the temporal consistency of crossing predictions.

2.3.2. Decision Tree Based Methods for Boundary Crossing Detection

Nguyen et al. (2022, [48]) presents a fast and efficient method to classify space environment re-
gions, the magnetosphere, magnetosheath, and solar wind from in-situ spacecraft data. Sim-
ilar to previously discussed neural network-based methods, the purpose is to automatically
detect magnetopause and bow shock crossings across several missions.

The authors propose a Gradient Boosting Classifier to perform the classification. This super-
vised learning algorithm was chosen for its speed and efficiency over more complex neural
networks, and for its strong performance on imbalanced classification problems. Gradient
boosting operates by sequentially building an ensemble of decision trees, each correcting the
residuals of the previous one. The final prediction aggregates the outputs of these trees, pro-
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ducing well-calibrated class probabilities. Input features include basic plasma moments and
magnetic field components: velocity (Vx, Vy, Vz), magnetic field (Bx, By, Bz), ion density, and
temperature. Themodel was initially trained on data from the THEMISmission, which included
manually labelled examples across various near-Earth regions.

The model was evaluated using standard metrics like True Positive Rate, False Positive Rate,
and Area Under the ROC Curve. Results showed AUCs above 0.99 for all three classes on
THEMIS data, with TPRs above 94% and very low FPRs. The algorithm was then tested on
data from other missions (Double Star, MMS, Cluster, ARTEMIS). For equatorial missions like
MMS and Double Star, the model generalised well without retraining. For polar orbit missions
like Cluster and more distant ones like ARTEMIS, some retraining or feature adjustment (e.g.
including spacecraft coordinates or a fourth class for the lunar wake) was required to maintain
high accuracy. The method consistently outperformed traditional threshold-based classifica-
tion and matched or surpassed neural network-based models—all while training significantly
faster.

Themodel was used to generate extensivemagnetopause and bow shock crossing catalogues
from 11 spacecraft over 83 mission-years. Magnetopause crossings were defined as a 1-hour
interval where as many data points were classified as being in the magnetosphere and the
magnetosheath. In total, over 15,000 magnetopause and 17,000 bow shock crossings were
identified. For ARTEMIS, 702 crossings were detected. These catalogues, validated through
statistical and spatial consistency checks, offer a foundation for large-scale analyses of near-
Earth boundaries.

2.4. State of the Art: Magnetotail Boundary Modelling

Themagnetotail is a complex and dynamic region of the Earth’s magnetosphere, influenced by
various factors including solar wind conditions, IMF orientation, and internal magnetospheric
processes. Traditional methods for identifying the magnetotail boundary have relied on em-
pirical models and manual inspection of spacecraft data. However, recent advancements in
machine learning and data analysis techniques have opened new avenues for automating this
process, improving accuracy and efficiency.

2.4.1. Neural Network Based Studies for Magnetotail Boundary Modelling

Hou and Hsieh (2025, [24]) introduces Reg-PINN, a method that combines machine learning
with empirical physics-based models to predict the Earth’s magnetopause location. Traditional
empirical models (like Shue et al. (1998, [70])) generalise well but lack precision, while ma-
chine learning models can be highly accurate but often fail to respect physical constraints.
Reg-PINN addresses this by embedding the empirical model directly into the neural network’s
loss function, balancing data fitting with physics-inspired regularisation.

The model was trained on over 34,000 magnetopause crossings using solar wind parameters
such as dynamic pressure (pdyn) and IMF Bz. It was compared against the Shue model, an
overfitted empirical model, and a standard neural network. Across all tests, including low-
data scenarios and extreme solar wind conditions, Reg-PINN consistently reduced RMSE by
30%, outperforming other methods in both precision and generalisation. The approach shows
strong potential for space weather modelling and future scientific applications that require
physics-informed learning.
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2.5. Magnetosphere Datasets

Datasets are essential for magnetospheric research. Statistics-based methods and machine
learning based methods require large amounts of data to train and validate their models. In
this section, we will discuss some important datasets often used in magnetospheric research.

2.5.1. Spacecraft Measurement Datasets

The NASA Coordinated Data Analysis Web [44] provides a comprehensive database of space-
craft measurements, including data from missions like ACE, Cluster, Geotail, THEMIS, and
others. This database is often used for analysing the magnetosphere and its boundaries. For
the THEMIS and ARTEMIS missions, the database includes data from the five THEMIS space-
craft (THA, THB, THC, THD, THE), of which THB and THC are now ARTEMIS P1 and P2. The
database contains a wide range of measurements, including magnetic field data, plasma den-
sity, temperature, and velocity. The [46] provides a database for the same spacecraft, but is
focused on spacecraft position and trajectory data. These databases are often used together
for magnetospheric research.

2.5.2. Magnetopause Crossing Datasets

The magnetopause crossing datasets in the NASA Magnetopause Database [45] include ob-
servations from numerous spacecraft (e.g., IMP, ISEE, Geotail) spanning 1963-1998. Cross-
ings were identified based on combined measurements of magnetic field changes and particle
data, typically a sharp shift in magnetic field orientation/magnitude and variations in energetic
and suprathermal particle populations. The database also mentions additional databases, in-
cluding the ones produced by Raymer (2020, [60]) and Staples et al. (2020, [73]).

Nguyen et al. (2022, [48]) also provides a magnetopause crossing dataset from 11 space-
craft (THEMIS, MMS, ARTEMIS, Cluster, Double Star) over 83 mission-years. This dataset
includes over 15,000 magnetopause crossings and 17,000 bow shock crossings, identified us-
ing a Gradient Boosting Classifier trained on manually labelled examples. For MMS, THEMIS,
Cluster and Double Star, this dataset is also publicly available.

2.6. State of the Art: Event Detection Using Machine Learning

This section aims to provide an overview of the state-of-the-art machine learning techniques
used for event detection in time-series data, with a focus on methods used in physics-based
applications.

2.6.1. Sequence Modelling/Forecasting

Sequence modelling and forecasting involve predicting future values or sequences based on
historical data. This is particularly useful in time-series data, where observations are recorded
over time, such as sensor data and weather data. The goal is to capture temporal dependen-
cies and patterns in the data to make accurate predictions.

Two popular neural network architectures for sequence modelling are Recurrent Neural Net-
works (RNNs) and Temporal Convolutional Networks (TCNs):
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Recurrent Neural Networks
RNNs are designed to process sequential data by maintaining a hidden state that captures
information about previous time steps. At each time step, the network updates its hidden state
based on the current input and the previous hidden state. This allows RNNs to model tem-
poral dependencies effectively. However, traditional RNNs suffer from issues like vanishing
gradients, and many timesteps make the model learn very slowly, which makes it difficult to
learn long-term dependencies. Variants like Long Short-Term Memory (LSTM) networks and
Gated Recurrent Units (GRUs) address this limitation by introducing gating mechanisms to
control the flow of information [84].

They have been applied to physics-informed modelling of dynamical systems, including fluid
flow and climate processes, as well as forecasting chaotic time series like the Lorenz attractor
with physics-constrained architectures [59, 86].

Temporal Convolutional Networks
TCNs are an alternative to RNNs for sequence modelling. They use 1D convolutional layers to
process sequential data, enabling parallel computation and capturing temporal dependencies
through dilated convolutions. Dilated convolutions allow the network to have a larger receptive
field without increasing the number of parameters, making TCNs efficient for learning long-term
dependencies. Additionally, TCNs avoid the vanishing gradient problem and are often more
stable during training compared to RNNs [6].

TCNs have been used to model input-output mappings in quantummany-body systems driven
by optical pulses, and for constitutivemodelling of stress-strain relationships by learning history
dependence in materials [78, 67].

These forecasting models can be used to predict future states of the data they see, and devi-
ations from these predictions can be used to detect anomalies or change points in the data.

2.6.2. Reconstruction-Based Change Point Detection

Change point detection involves identifying points in a time series where the statistical prop-
erties of the data change significantly. These changes could indicate shifts in the underlying
process generating the data, such as system failures, regime changes, or anomalies.

Autoencoder-Based Change Detection
Autoencoders are neural networks designed to learn a compressed representation of input
data and then reconstruct it. For change point detection, autoencoders are trained on normal
data and encode data into a latent space. Due to this smaller representation, the model is
forced to learn common patterns in the data. The model is trained to decode this data as close
as possible to the original. When a change point occurs, the reconstruction error increases
significantly, signalling a deviation from the learned normal behaviour.

In physics or engineering contexts, this approach has been applied to detect abrupt shifts in
sensor measurements (e.g. in structural health monitoring), or to flag transitions in climate or
geophysical time series by monitoring deviations in learned latent reconstructions [19].

MAE Transformer
The Masked Autoencoder Transformer is based on the Transformer architecture, which uses
self-attention mechanisms to capture dependencies in sequential data. The MAE Transformer
is designed to handle image-like data, and can be adapted for time-series data [23]. It resem-
bles an autoencoder, with an encoder and decoder, but instead of using a latent space, it
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splits up the input sequence into patches, masks a portion of them, and trains the model to
reconstruct the missing patches. Change points are detected by monitoring the reconstruction
error over time, with significant increases indicating potential change points.

CNN Autoencoder
A Convolutional Neural Network (CNN) autoencoder uses convolutional layers to capture spa-
tial or temporal patterns in the data. For time-series data, the CNN autoencoder processes
sequences to learn local dependencies. The encoder compresses the input sequence into a
latent representation, while the decoder reconstructs the sequence. Change points are de-
tected by monitoring the reconstruction error over time. CNN autoencoders are particularly
effective for data with strong local patterns.

These models are effective in domains where local correlations dominate. They have been
applied to detect abrupt shifts in vibration signals of machinery, or to spot transitions in radar
time-series echo profiles [64, 75].

Anomaly Transformer
The Anomaly Transformer is a specialised model for detecting anomalies and change points
in time-series data [81]. It combines the self-attention mechanism with an anomaly-aware
module to focus on irregular patterns. The model computes an anomaly score for each time
step by comparing the attention distribution of the current time step with its neighbours. A
significant deviation in the anomaly score indicates a potential change point.

2.6.3. Classification

Classification follows the premise of supervised learning. A model is trained to label data
points based on their features as one of several classes. The model learns from a labelled
dataset, where each data point is associated with a specific class label. In binary classification,
there are two classes, and each data point is classified as one of these two. In magnetopause
boundary crossing detection, the task would be to classify a given window of data as either a
crossing or not crossing the magnetopause boundary.

Pointwise Classification for Region Shift Detection
Pointwise classification treats each time series data point independently. Meaning each clas-
sification is made independently of the surrounding time series data points. Pointwise classi-
fication can be used to find magnetopause crossings by observing a shift in the classification
of data points. By finding the moment this shift occurs, the timing of the crossing can be de-
termined. Pointwise classification is a simple and effective approach for many classification
tasks, but it may not capture temporal dependencies effectively. Such a method is used by
Nguyen et al. (2022, [48]) in their Gradient Boosting Classifier for magnetopause and bow
shock crossing detection. Many machine learning models can be used for pointwise classifi-
cation, including decision trees, support vector machines (SVMs), and neural networks.

Window Classification for Event Detection
Window classification involves classifying a sequence of data points as a whole, rather than
individually. This approach captures temporal dependencies and patterns within the window,
allowing for more accurate classification. In the context of magnetopause boundary crossing
detection, window classification can be used to identify periods of timewhere the data indicates
a crossing event. By analysing the entire window, the model can learn to recognise complex
patterns that may indicate a crossing. Again, many machine learning models can be used for
window classification, including RNNs, TCNs, and CNNs.
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Windowed classification could also be used to classify different regions of the magnetosphere,
such as the magnetosheath, magnetosphere, but would severely limit the temporal resolution
of the crossings detection.



3
Research Proposal

This chapter presents the research proposal for the thesis project. It outlines the knowledge
gap in the field of magnetopause crossing detection. The research objectives are outlined
using a main research question and subquestions, which will be answered during the project.
The research plan is presented in a Gantt chart, which outlines the phases of the project and
their respective timelines.

3.1. Knowledge Gap

The determination of magnetopause crossings is a topic that many statistical studies on Earth’s
magnetotail cover. These large statistical studies often use datasets consisting of thousands of
magnetopause crossings. Nguyen et al. (2022, [48]) used a decision tree to classify magneto-
spheric regions. Using this data, they could pinpoint magnetopause crossings to approximate
timeslots of one hour. While this technique works very fast and detects many magnetopause
crossings, the timeslot range is rather large. This can induce problems in further statistical
studies that might require exact timings to match solar wind data with, and accuracy in po-
sitions is also lost. Additionally, due to the dynamic nature of the magnetopause, multiple
crossings can occur during this time period, meaning multiple crossings could be missed by
this detection method. This is especially true for the lunar distance magnetotail region (where
the ARTEMIS mission resides), where the magnetopause is highly dynamic and can change
rapidly due to solar wind conditions.

Raymer (2020, [60]) and Staples et al. (2020, [73]) used a different approach. They used a
semi-automatic rule-based method to detect magnetopause crossings. This method is useful
for finding exact timings, but human intervention is needed to determine whether detections
are correct. This can cost a lot of time, as stated in Staples et al. (2020, [73]), daily inspections
were performed by scientists to check event recordings. Argall et al. (2020, [2]) used a Bidi-
rectional Long Short-Term Memory (BiLSTM) neural network, which was specific to the MMS
missions, and not generalised, and achieved a limited F1 score of 0.41, and detected 78 % of
SITL-identified MP crossings.

As discussed in subsection 2.3.1, most machine learning based boundary detection models
were designed for interplanetary missions, and not for Earth-based magnetospheric missions.
With limited magnetopause boundary crossing datasets at lunar distance, an increased accu-
racy, temporal performance and an increased amount of datapoints could greatly improve the

21
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quality of data used in statistical studies of the magnetosphere shape. Additionally, the use of
machine learning models can help to automate the detection process, reducing the need for
human intervention and allowing for real-time analysis of in-situ spacecraft data.

3.2. Stakeholder Analysis

A stakeholder analysis helps identify which parties will use or benefit from the research, and
more specifically, what they need. It ensures the research goals match the needs of active
users like space weather scientists, and possibly space mission designers and operators. This
process helps set clear requirements and constraints for the machine learning model, making
sure it works well for its intended purpose. Stakeholders and their main use cases and needs
are identified and discussed here.

Active stakeholders:

• Space Weather Scientists: Can use the model efficiently and accurately, finding mag-
netopause crossings in their data. Need a fluent interface to use the model, and benefit
from a clear database of magnetopause crossings already identified during the research
phase.

• Spacecraft Engineers and Operators: Can use the model to find magnetopause cross-
ings in their data, and relay this information to scientists. In the long term, this can help to
improve the quality of data collected by magnetospheric missions due to better models
of its workings. Similarly, they need a fluent interface as well.

• Principal Investigator: Actively develops the system. Can provide further support after
the project is finished.

• Thesis Supervisor: Influences the project’s direction by suggesting improvements, iden-
tifying potential challenges, and helping to refine the research questions and methodol-
ogy.

Passive stakeholders:

• SpaceWeather Scientists: Can use the results of themodel for detailed studies into the
magnetotail. More specifically, use the results for statistical and deep learning research
of its tail.

• Space Mission Designers: Can use the results of the model, and results of subsequent
studies, to more accurately predict the effects of the magnetosphere on spacecraft’s
orbits and electronics (energetic particles can damage these).

Space weather scientists were identified as both active and passive stakeholders. They can
use the model for their own research, but can also solely use the results of the model produced
by other scientists or entities.

Space weather scientists were identified to be the most important stakeholders to consider in
this project. Mainly because space weather scientists are the primary users of the system, and
their research heavily relies on accurate and efficient detection of magnetopause crossings.
Their needs and requirements will directly influence the design, functionality, and success
of the system, making them, overall, the most critical stakeholders. The insights provided
by the system can significantly enhance their ability to study the magnetosphere’s dynamics,
conduct statistical analyses, and improve models of solar wind-magnetosphere interactions.
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The needs of the stakeholders are included as requirements in Appendix B. The analysis of
whether these needs are met is done in subsection 7.1.3.

3.3. Research Objectives

Based upon the knowledge gap discussed earlier, and the stakeholder needs, the following
research objective is defined:

RO-1—To design and implement an automatic machine learning-based method for detecting
magnetopause crossings in spacecraft data, and analyse its results.

To achieve this objective, the following research questions are formulated:

MRQ—How can machine learning models be used for detecting magnetopause crossings in
Earth’s magnetosphere from in-situ spacecraft data?

• SRQ-1—What preprocessing steps are required to convert raw or region-labelled space-
craft data into a form suitable for boundary crossing detection using machine learning
models?

• SRQ-2 — What performance metrics best capture the performance of magnetopause
crossing detection?

• SRQ-3— How can a magnetopause crossing ML model be evaluated and verified with
little verification data?

• SRQ-4 — How do different machine learning models, and more traditional methods,
compare for magnetopause crossing detection?

• SRQ-5—What patterns do machine learning models detect in the data to identify mag-
netopause crossings?

• SRQ-6 — What patterns can be found in the detected crossings using the machine
learning model, and how does it compare to the solar cycle?

• SRQ-7—What are outliers (if any) in the detected crossings caused by?

By answering these research questions, this research aims to contribute to the field of mag-
netospheric physics by providing a more accurate and efficient method for detecting magne-
topause crossings, which can provide a better understanding of the magnetosphere’s dynam-
ics and its interactions with solar wind and IMF.

The research questions are answered throughout the thesis, and are explicitly answered in
chapter 8.

3.3.1. Hypotheses

The following hypotheses are formulated based on the research objectives and questions:

H1 — Machine learning models have the potential to significantly improve the accuracy and
temporal precision of magnetopause crossing detection compared to traditional methods. This
can likely be achieved by using models strong in data pattern recognition, like CNNs and trans-
former models. The THEMIS missions have collected large amounts of data, which benefits
machine learning applications strongly. Several interplanetary missions have benefited from
machine learning models which detected bow shock crossings and magnetopause crossings
[30, 4, 13]. These models have been shown to be able to detect crossings, even with more
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limited datasets. While not all machine learning models and methods have been explored yet,
it is clear that machine learning models have found their place in the field of space weather.
With a large dataset available, it is expected that machine learning models can be trained
to detect magnetopause crossings with high accuracy and temporal precision, and to help
automate this process.

3.4. Model Constraints

It is important to define the model constraints, as they clearly define what the research project
will focus on and what it will not focus on. The unprocessed input data features are discussed.
Defining what preprocessing is necessary is done during the design of the machine learning
model to find optimal performance. Additionally, output data is defined, and a description of
the design constraints is provided. Here, a description is given of the model constraints; a
requirement formatted version can be found in Appendix B.

3.4.1. Input Data Constraints

The model can take input in-situ spacecraft data, which includes the following features over
multiple-hour/day time periods:

• Ion and Electron Density: Ion density measurements.
• Ion and Electron Flow Velocity: ion velocity magnitude.
• Ion and Electron Temperature: Plasma temperature measurements for both ions and
electrons.

• Ion Energy Spectrograms: Energy spectrograms for ions and electrons, providing en-
ergy flux as a function of energy and time.

• Magnetic Field Data: Magnetic field vector measurements in appropriate coordinate
systems (e.g., GSE, GSM).

Important to note is that in the eventual models developed, not all features are used. However,
the data pipeline and model creation tools do allow for this. A smaller subset of features
with the Ion Energy Spectrogram ended up being the most performant. Reasoning for these
features is further explored in subsection 6.2.2.

3.4.2. Output Data Constraints

The model will output the following:

• Timestamps ofMagnetopauseCrossings: A list of timestamps (if any) indicating when
magnetopause crossings were detected.

• Crossings Markers: If any other relevant information is necessary, like whether the
crossing was possibly another event with similar markers.

Output data will be formatted to allow for easy integration with downstream analysis, possibly
in a database.

3.4.3. Design Constraints

It is important to note that the model will not be specifically developed as a real-time opera-
tional model on a satellite. Rather, it is designed with the intended purpose of serving as a
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tool for analysing public science data. The model will be designed to process earth-based
data, specifically that of the ARTEMIS missions. Research will focus on the lunar distance
magnetotail region and find magnetopause crossings there.

The model will also be designed to work on a single computer, with modern GPU and CPU
capabilities. This constrains the model to a certain size of parameters and its complexity. Run-
time benchmarking numbers will be provided for the computer the model was initially trained.

3.5. Risk Analysis

The main goal of this risk analysis is to make sure the research project runs smoothly. This
means avoiding and managing technical difficulties that can impact the development and
results, and non-technical difficulties which could impact the timeline of the project and its
progress. Through a risk identification process, risks are identified and described, and their
impact and likelihood are assessed. Afterwards, mitigation and avoidance strategies are de-
veloped to both reduce the likelihood of the risk occurring, and to reduce the impact of the risk
if it does occur.

3.5.1. Risk Identification

The following risks were identified during the project planning phase. The risks are divided
into two categories: technical and non-technical. Technical risks are related to the machine
learning model, while non-technical risks are related to the project timeline and other external
factors.
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Table 3.1: Identified Risks and Descriptions

Non-Technical Risks
Risk ID Risk Description
NT-1 Limited access to computational resources, such as GPUs, which could

slow down model training and evaluation.
NT-2 Integrating feedback consumes more time than expected, pushing the

timeline along.
NT-3 External factors such as illness or unforeseen personal circumstances

significantly affecting the project timeline.
NT-4 Tasks are more challenging and time-consuming than initially expected,

pushing the timeline along.
Technical Risks

Risk ID Risk Description
T-1 Extracting and preprocessing publicly available data is slower due to

unforeseen data extraction hurdles, slowing progress.
T-2 Labelled dataset creation takes longer than expected, leading to delays

in model training and evaluation (Work Package 3).
T-3 Labelled dataset contains errors or inconsistencies, affecting model per-

formance (Work Package 3).
T-4 Labelled dataset is too small or unbalanced, which could lead to overfit-

ting or underfitting of the model (Work Package 3).
T-5 Risk of overfitting or underfitting during model training, leading to poor

generalisation to unseen data (Work Package 4).
T-6 Inadequate performance of the selected model compared to existing

methods, failing to meet the research objectives (Work Package 5).
T-7 Errors in preprocessing pipelines or feature extraction leading to incor-

rect input data for the model.
T-8 Errors in themodel code cause unexpected behaviour or crashes during

training or evaluation, prolonging the project timeline.

3.5.2. Risk Assesment

The risk assessment allows for a visual way of identifying which risks need to most thought-out
mitigation and avoidance strategies. Each risk is evaluated based on its impact and likelihood.
Impact is rated on a scale from 1 to 3, where 1 represents low impact, 2 represents medium
impact, and 3 represents high impact. Similarly, likelihood is rated from 1 to 3, with 1 indicating
low likelihood, 2 indicating medium likelihood, and 3 indicating high likelihood. The overall risk
score is determined by multiplying the impact and likelihood ratings. Risks with higher scores
are given greater priority for mitigation. The risks are ranked in the case of no mitigation
strategies. The risk assessment matrix is shown in Table 3.2.
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Table 3.2: Risk Assessment Matrix

Impact

Likelihood
Low (1) Medium (2) High (3)

High (3) T-6, NT-1 T-4 T-1, NT-4

Medium (2) NT-3 T-2, T-3, T-5

Low (1) T-7 NT-2, T-8

Some clarifications are necessary for some of the choices in this table. On first inspection,
T-4 and T-5 seem to have the same impact. The difference is that T-4 does not focus on the
model’s inadequacies, but rather data’s inadequacies, the implications on the preprocessing
methods used, and the needed changes in the dataset. T-5 focuses on the model and/or
hyperparameters being the problem, which often occurs, and can be more ’easily’ fixed by
model/hyperparameter tuning. Additionally, T-6 assumes that T-4 and T-5 are not the root
cause for performance issues, but the model type itself is inadequate to perform the task,
meaning another type of model might be necessary.

3.5.3. Risk Mitigation and Avoidance

Risk mitigation and avoidance strategies are developed to reduce the likelihood of the risk
occurring and to reduce the impact of the risk if it does occur. The following strategies are
proposed for each identified risk:
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Table 3.3: Risk Mitigation and Avoidance Strategies

Risk ID Mitigation and Avoidance Strategy
Non-Technical Risks

NT-1 Use cloud-based computational resources (e.g., Kaggle, Google Cloud)
as a backup in case local resources are unavailable.

NT-2 & NT-3 Schedule regular feedback sessions to make integration workload lower.
Additionally, allocate buffer time in the project timeline for feedback in-
corporation.

NT-4 Break down tasks into smaller, manageable subtasks. Regularly review
progress and adjust the timeline as needed.

Technical Risks
T-1 Develop automated scripts for data extraction and preprocessing. Test

data pipelines early to identify potential bottlenecks.
T-2 Use available datasets as a basis for classification.
T-3 Perform thorough quality checks on the labeled dataset.
T-4 Look for similar use of machine learning models as a basis for dataset

size. Ensure balanced class distribution during preprocessing. Use
weighting methods to avoid performance issues due to an unbalanced
dataset.

T-5 Implement cross-validation and regularization techniques to prevent
overfitting. Use a diverse validation set to ensure generalisation.

T-6 Evaluate multiple models and architectures. If performance is inade-
quate, document why this is the case, and possibly look for solutions by
using hybrid models.

T-7 Validate preprocessing pipelines with small test datasets before full-
scale implementation. Document and review all preprocessing steps.

T-8 Use version control (git) for code and maintain detailed logs of changes.
Conduct regular code reviews and stick to clear coding practices.

These mitigation strategies should minimise the impact of the risk on the project’s success
and timeline.

3.6. Research Plan

To define the research plan, the work will be divided into six work packages, each with specific
objectives and tasks. The Gantt chart in Figure 3.1 provides a visual representation of the
timeline for each work package, including the key milestones set by the thesis standards.

• Work Package 1: Literature Review
This work package focuses on reviewing existing work related to magnetopause cross-
ing detection and the use of machine learning in space physics. It includes a theoretical
description of the magnetosphere to give the reader a fundamental understanding. The
goal is to understand current limitations (SRQ-1) and identify opportunities for improve-
ments.

• Work Package 2: Model Selection
In this work package, candidate machine learning models suitable for time series event
detection are explored. Particular attention is paid to their ability to handle dynamic input
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data and their suitability for magnetospheric applications (SRQ-1, SRQ-4). Models like
CNNs, LSTMs, and transformers are considered.

• Work Package 3: Dataset Preprocessing
Publicly available spacecraft data is collected (e.g., from THEMIS or ARTEMIS), cleaned,
and transformed into a format suitable for training machine learning models. Region
labelling, feature extraction, and event labelling pipelines are built and evaluated (SRQ-
2, SRQ-3).

• Work Package 4: Model Development
The selected machine learning models from Work Package 2 are implemented and
trained using the preprocessed dataset from Work Package 3. Necessary architecture
adjustments to be able to process the multidimensional time series data are made.

• Work Package 5: Model Evaluation
This work package focuses on evaluating the performance of the trained models us-
ing various metrics, including precision, recall, F1 score, and temporal accuracy. This
evaluation is performed against the labelled crossing dataset. The goal is to compare
the models’ effectiveness in detecting magnetopause crossings with existing methods
(SRQ-4).

• Work Package 6: Analysis of Detected Crossings
This work package focuses on analysing the detected magnetopause crossings from the
trained model. The analysis includes identifying patterns in the crossings, their relation
to the solar cycle, solar wind conditions, and investigating outliers (SRQ-5, SRQ-6, SRQ-
7).

• Work Package 7: Writing
The Writing Work Package focuses on documenting the research process, findings, and
analysis in a structured manner, aligned with academic standards.

• Work Package 8: Finalisation
This work package focuses on integrating feedback on the draft, preparing for the final
presentation, and the final report is handed in, and the thesis is presented.

These work packages should give an overview of the main tasks that will be performed during
the project.
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Boundary Crossing Detection Using Machine Learning
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Figure 3.1: Gantt chart of the research plan. Showing each work package with its start and end weeks, including
the main milestones. Grey is the runout period, where work can be finished, or extra work can be done. Purple
indicates changes made to the research plan, and red shows unallocated time that was spent on certain tasks.

The length of the tasks was chosen based on personal experience in certain domains and their
difficulty level. The Gantt chart is used as a guideline during the project and to check progress
occasionally. It will be dynamically updated depending on the progress of certain tasks.
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Model Selection

In this section, we will discuss the model selection process in detail. This process tries to
find the optimal machine learning models for detecting crossings in a qualitative way, to limit
the number of models to be tested. First off, the model selection strategy will be discussed.
Afterwards, a design option tree will show all the possible design options for the magnetopause
boundary crossing model. Afterwards, the criteria with which the models will be evaluated are
defined. Finally, the most fitting model(s) will be selected based on the evaluation criteria.

4.1. Model Selection Strategy

The model selection strategy will be based on the following steps:

1. Initial Model Selection: Based on a literature review, a set of models will be selected
that might be relevant and suitable for magnetopause crossing detection. These will be
shown in the design option tree. They will be based on whether they can theoretically
meet the requirements defined in Appendix B.

2. Criteria Definition: The evaluation criteria with which the models will be evaluated will
be defined. This will include both qualitative and quantitative criteria.

3. Model Evaluation: The remainingmodels will be evaluated based on the defined criteria.
The best model(s) will be selected based on the evaluation.

Following these steps should ensure a thorough and systematic approach to model selection.
The selected models will be used for the next steps in the design process and research.

4.2. Initial Model Selection

Zamanzadeh Darban et al. (2024, [83]) offers a survey on anomaly detection in time series
data. Many different types are discussed based on two main methods: forecasting and recon-
struction. Forecasting methods predict future values based on past data, while reconstruction
methods learn a representation of the data and identify anomalies based on deviations from
this representation. The paper contains a comprehensive list of many models used with these
2 methods. Based on this list, the most popular models’ main architectures will be considered
for the design option tree and further model evaluation. Additionally, the list shows whether
point and/or subsequence anomalies can be detected by certain models. Boundary crossings

31
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are most similar to subsequence anomalies, since crossings rarely occur from one timestep
to another. Therefore, subsequence detection is a hard requirement, and architectures need
examples of subsequence detection. For forecasting methods, the following models will be
considered: Recurrent Neural Networks (RNNs), Temporal Convolutional Networks (TCNs).
For reconstruction methods, the following models will be considered: Neural Network-Based
Autoencoders and Transformers (here named MAE transformer). GANs are not considered,
as they have mainly been used in research, and offer unique challenges in training due to
dependence on game theory [83].

Pointwise classification methods are not typically used for anomaly detection, but can be used
for magnetopause crossing detection. This is due to crossings moving across regions with dif-
ferent field and plasma properties. Pointwise classification methods can be used to classify
these regions, and crossings can be detected by looking at the classification of the points in a
certain window. Traditional methods for pointwise classification (Random Forest, SVM, Deci-
sion Tree, etc.) have been previously used for this purpose and will be considered, as well as
neural network-based methods, which work very similarly, but might offer better performance
[4, 48] .

Window-based classification methods are also not typically used for anomaly detection, but
have been effective in the past [13]. Here, they used a 2D CNN-based model to classify
windows of time series data to determine whether crossings occurred. Vision transformers
are growing in popularity for image classification practices (these 2 architectures are the most
popular by far) and sometimes outperform CNNs, and are therefore also considered [31].

4.3. Criteria Definition

Model evaluation will be based on four criteria: performance, flexibility, scalability, and com-
plexity/efficiency. Reasoning is explained below:

• (Historical) Performance/Reliability: The model should be able to accurately detect
magnetopause crossings. Based on a literature review, the performance of models will
be evaluated based on applications similar to magnetopause boundary crossing detec-
tion. This essentially entails reliability; how sure we can be that the model is up to the
task, based on previous research. (Requirement SR-4).

• Flexibility: The models will be evaluated based on their flexibility. This means the ability
to adapt to different features and parameters, the ability to add or remove features, and
the ability to fit within the pipeline. Additionally, the datasets are not very clean; noise, in-
consistencies and gaps are present. Flexibility accounts for the model’s ability to handle
these issues (after preprocessing). Additionally, due to the size, dynamic behaviour and
noisiness of the data, as well as the dataset being made of manually labelled crossings,
giving hard labels would be challenging. (Requirements SR-1, SR-6, SR-7, SR-11).

• Scalability: Scalability is important, as the datasets vary in size. Models will be evalu-
ated based on their ability to handle large datasets and their ability to scale with the size
of the dataset. (Requirements SR-1, SR-10)

• Complexity/Efficiency: The complexity and efficiency criterion contains the size of the
model, the number of parameters, and the time it takes to train and evaluate the model.
This criterion is important, as larger models, which are less efficient, take longer to opti-
mise and evaluate. A complexmodel is also less interpretable, whichmakes optimisation
harder. (Requirement SR-10)
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Additionally, these criteria will be weighted based on their importance. Performance is themost
obvious and important criterion. The model’s main goal is to accurately detect magnetopause
crossings. Therefore, performance will be weighted the heaviest with a weight of 4. Flexibility
is important, as the data used for magnetopause crossing detection is quite varied, but not
extremely so. However, the time series data is very inconsistent. Preprocessing should take
care of most of these issues, but inconsistencies will always partially propagate, and the model
should be able to handle that. Flexibility is given a weight of 2 for these reasons. Scalability
is less important, as datasets vary in size; this can also be handled by preprocessing. Large
datasets can be split into smaller datasets for the model to handle. Scalability is given a weight
of 1. Complexity and efficiency are very important as they heavily influence one’s ability to
optimise the model. This also influences interpretability, which is important for researchers
to understand the magnetopause crossing detection process. Complexity and efficiency are
given a weight of 3.

4.4. Model Evaluation

Every model will be evaluated based on the four criteria defined in section 4.3. The models
will be scored for each criterion on a scale from 1 to 5. It should be noted that the scores given
are based on the specific context, goal, and timeline of this research.
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Model Performance/
Reliability Flexibility Scalability Complexity/

Efficiency Total

Sequence Modelling/Forecasting
1. Recurrent Neural
Network (LSTM,
GRU)

3 3 2 2 27

2. Temporal
Convolutional
Network (TCN)

4 3 4 3 35

3. Time Series
Transformer 5 5 4 3 45

Reconstruction
4. Neural Network
Based Autoencoder 4 5 5 4 44

5. MAE Transformer 5 5 4 4 47
Pointwise Classification

6. Traditional
Methods (Random
Forest, SVM, ...)

2 4 2 5 32

7. Gradient Boosted
Methods (MLP, 1D
CNN, ...)

3 4 5 5 39

Window Based Classification
8. Vision Transformer
Model 4 3 4 3 35

9. 2D CNN 3 2 4 3 28
Weights 4 3 1 2 10

Table 4.1: Evaluation of models based on weighted performance, flexibility, scalability, and complexity/efficiency.

To explain the scores given in the evaluation table, similar models with respect to the criteria
are grouped. The following subsection briefly discusses the reasoning behind the scoring.

4.4.1. Performance

As discussed in Figure 2.1, the near-Earth space environment depends heavily on solar wind
conditions, which vary over the solar cycle. This means distribution shifts in plasma moments
and magnetic field data are likely to occur. Therefore, models with resistance to distribution
shifts are favoured.

Unsupervised methods are often more resilient to distribution shifts, as they learn the underly-
ing structure of the data, rather than specific patterns tied to a certain distribution [68]. There-
fore, reconstruction and forecasting-based methods are favoured and given a higher score.

Transformer models are highly performant in time series machine learning tasks. They capture
long-term dependencies and can learn complex patterns [85]. Therefore, the Vision Trans-
former Model gets a score of 4. The Time Series Transformer (3) and the MAE Transformer
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(4) are given a score of 5 due to their unsupervised resistance against distribution shifts.

The 2D CNN model (9) is given a score of 3. These models are good at capturing localised
patterns in spectrograms, but would likely struggle to relate patterns occurring farther apart,
and find cross-variable patterns, since they are optimised for 2-dimensional data. Additionally,
since this is a classification-based model, they are less resistant to distribution shifts.

Recurrent neural networks (1) typically perform well in small data sets without long-term de-
pendencies and highly multivariate data, but struggle more when these are present. Since
the forecasting will be performed on multivariate long-time series, accuracy might be limited.
A TCN (2) can model long-term dependencies, but at the cost of needing much deeper net-
works. Since both models are forecasting-based and are more resistant against distribution
shifts, they are given a score of 3 and 4, respectively.

Gradient Boosted Methods (7) have historically been used for magnetopause crossing detec-
tion at lunar-distance [48]. They showed promise in that area, but for lunar distance detection,
they needed strong preprocessing and feature engineering, and the addition of spacecraft po-
sition to perform well. Since they are also not very resistant to distribution shifts, they are given
a score of 3. Traditional methods (6) typically perform worse than Gradient Boosted Methods,
and are given a score of 2.

4.4.2. Flexibility

Due to the dynamic nature of the magnetopause and the noisy data. Labelled datasets are
hard to create and often limited in size. Due to this limitation, flexibility scores are heavily
influenced by their performance when only soft labels in clearly defined regions are available.
While hard labels are possible to create, it is a very intensive and time-consuming task, where
human errors are likely to occur. Therefore, models that can work with self-supervised learn-
ing are favoured. This means that reconstruction and forecasting-based methods get higher
scores.

Reconstruction and forecasting-based methods (1, 2, 3, 4, 5) have an advantage over other
models as they can be trained self-supervised. This means that no extensive dataset of hard
labels is needed, and dynamic regions do not have to be labelled, but can be excluded. This
earns the reconstruction-based models an additional point.

Transformer-based models (3, 5, 8) are highly flexible due to their ability to handle variable-
length sequences, multivariate inputs, and adapt to a wide range of time series tasks [82,
37]. This flexibility earns them a score of 5. Except for the vision transformer, which might
need adjacentmodels for non-2-dimensional features, and isn’t as resistant against distribution
changes, earning it a score of 3.

Neural network-based autoencoders (4) and pointwise classification models (7) also offer con-
siderable flexibility; variables of different dimensionality can easily be integrated into the model,
giving a score of 5 and 4 as well [83]. Where NN-based autoencoders are given a score of 5
due to their self-supervised learning capabilities.

Recurrent neural networks (1) and temporal convolutional networks (2) are moderately flexible,
capable of modelling sequential data but sometimes limited by architectural changes for being
able to model higher-dimensional data, so they receive a score of 3 [7].

2D CNN models (9) are less flexible in this context, as they are best suited for structured 2D
data like spectrograms and may not generalise well to other data types. Features of other
dimensionalities will need to be implemented for processing in adjacent structures, limiting
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flexibility, resulting in a score of 2. Traditional methods (6) are flexible. It is easy to add
features. However, due to their limited capability in modelling distribution shifts, they do not
get a score of 5, but 4.

4.4.3. Scalability

Transformer-based models (the MAE Transformer (5), Time Series Transformer (3), and Vi-
sion Transformer (8)) are highly scalable due to their parallelizable architectures, which allow
them to efficiently process large datasets and long sequences. However, their memory re-
quirements can grow quickly with sequence length due to their quadratic memory scaling, so
they are given a score of 4.

2D CNNmodels (9) are also highly scalable, as convolutions can be efficiently parallelised and
are well-suited for large-scale data due to their sparser nature, but when deeper networks are
necessary due to long time series sequences, memory use can increase, earning it a score of
4.

Neural network-based autoencoders (4) have not been specified to use convolutional layers in
this context, but can certainly do so, and benefit similarly from the parallelization and sparsity
of convolutions. Additionally, in the context of usage, sequence length will always be limited to
a certain amount of time steps, and only the number of features could drastically increase. The
argument is the same for Gradient Boosted Models (7) and Temporal Convolutional Networks
(2). Therefore, they are given a score of 5.

Recurrent Neural Networks (1) are less scalable due to their sequential nature, which makes
parallelization difficult and slows down training on long sequences. Thus, they are given a
score of 2 [7]. Traditional Methods (Random Forest, SVM, etc.) (6) are typically less scalable,
especially with high-dimensional or very large datasets, as their complexity needs to increase
drastically before being able to perform. Therefore, they are given a score of 2.

4.4.4. Complexity/Efficiency

Transformer-based models (including the MAE transformer (5), time series transformer (3),
and vision transformer (8)) are generally complex due to their large number of parameters,
especially for long sequences. However, their attention maps offer somewhat moderate inter-
pretability. Their self-attention mechanisms scale quadratically with sequence length, making
them less efficient for long time series sequence length [35]. As a result, these models are
given a score of 3 for complexity/efficiency. The MAE transformer (5) is given a score of 4, as
it will use lower sequence lengths.

2D CNN models (9), while powerful, also tend to be complex when applied to time series data,
especially if deep architectures are required to capture temporal dependencies. However, their
convolutional operations are highly parallelizable and can be efficient on modern hardware
[20]. If convolutional networks become deep, their interpretability decreases heavily. Which
is likely to occur in its usage for boundary crossings, due to the many features and possibly
long sequences. Therefore, they receive a score of 3. Temporal convolutional networks (2)
are also relatively efficient due to their convolutional structure, which allows for parallelization,
and for similar reasons will be given a score of 3.

Neural network-based autoencoders (4) and especially Gradient Boosted Methods (7) are
generally less complex than transformer-based models. They have fewer parameters and are
more efficient to train and evaluate, especially for moderate-sized datasets. Additionally, due
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to the pointwise classification, and the short sequence length to encode (compared to fore-
casting methods), complexity is not high [81]. Therefore, Neural network-based autoencoders
are assigned a score of 4, and Gradient Boosted Methods is given a score of 5.

Recurrent neural networks (1) are less efficient due to their sequential processing, which lim-
its parallelization and increases training time, especially for long sequences. Their complexity
is moderate, so they receive a score of 2. Traditional methods (Random Forest, SVM, etc.)
(6) are typically the most efficient and least complex for small to moderate datasets, as they
require less computational power and are easier to interpret. However, their efficiency de-
creases with very large or high-dimensional datasets. Overall, they are given a score of 5.

4.5. Conclusion

Based on the evaluation in Table 4.1, the following models are selected for further research
and development:

• MAE Transformer (5): This model is selected due to its high performance, flexibility, and
scalability. It is specifically designed for reconstruction of data, making it a strong candi-
date for magnetopause crossing detection. Additionally, it is both resistant to distribution
shifts and can be trained in a self-supervised manner.

• Gradient Boosted Decision Tree (GBDT) (6): This pointwise classification method is
selected for both its simplicity and historical use in magnetopause crossing detection. It
will serve as a strong baseline for comparison with the more complex MAE Transformer
based model.

This gives, based on a combination of qualitative analysis with a tradeoff analysis, a set of
models that can be used for magnetopause crossing detection. This answers SRQ-1. In the
upcoming sections, the overall methods of both models are discussed.
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Methods

This chapter outlines the methodology used to detect magnetotail boundary crossings from
spacecraft measurements. It describes the data sources, preprocessing steps, and feature
preparation procedures required to construct a consistent and analysable dataset. The chap-
ter then details the implementation of two main approaches: a baseline gradient boosted de-
cision tree classifier and a reconstruction-based method using Masked Autoencoder (MAE)
Transformers.

5.1. Data Collection

Data collection was performed using a combination of automated scripts and manual data
entry. The NASA Coordinated Data Analysis Web [44] database provides access to THEMIS
satellite data, which can be easily extracted using the Python-based Space Physics Environ-
ment Data Analysis Software (PySPEDAS) framework. The data was downloaded in the form
of Computable Document Format (CDF) files. The user can specify the time range for which
data needs to be downloaded. All data in the specified time range is put into a single dictionary
for easy data handling.

The data extracted contains three dimensional magnetic field and electric field measurements
(taken from the Electric Field Instrument (EFI) [11], and the Fluxgate Magnetometer (FGM) [3])
ion and electron spectrograms, three dimension ion and electron velocities, ion and electron
densities and ion and electron temperatures (taken from the Electrostatic Analyzer instrument
(ESA) [42]).

The gradient boosted decision tree classifier is built using the standard implementation from
scikit-learn 1.4.2. The MAE Transformer is built using the PyTorch 2.2.1 framework with CUDA
support. The computer uses a Ryzen 9 AI HX 370 CPU, 32GB RAM and a NVIDIA RTX 4060
GPU with 8GB of VRAM.

5.2. Initial Data Preparation

The initial data preparation involved converting the CDF files into a format suitable for analysis,
as well as some initial cleaning steps.

38



5.2. Initial Data Preparation 39

Figure 5.1: Example of ARTEMIS B ion energy flux data. The plot shows the energy flux in bins, where the
y-axis denotes the energy bins in keV and the x-axis shows the time. The colour scale represents the flux in

particles per square centimetre per second per keV.

For machine learning models to effectively process spacecraft measurement data, consis-
tent temporal sampling is necessary. For example, electron and ion energy flux are typically
measured at different time intervals, and finding cross-variable correlations is impossible if
samples are provided of different time ranges. Additionally, a consistent time delta allows the
models to find consistent patterns across timesteps. This is part of what steps are needed for
preprocessing raw data and thus partially answers SRQ-2.

This initial pipeline performs several key steps to standardise and clean the dataset. First, it
removes any variables that contain only NaN (missing) values to eliminate empty datasets.
This was often electric field data. Next, a universal time resolution is set by the user. For the
rest of this research, a time resolution of 10 minutes is used. This is quite a low resolution, but
necessary to use spectrogram data, which is often sampled at these lower time resolutions.

Finally, it converts all variables, also non-spectrogram variables, to this uniform time delta
through resampling and linear interpolation, ensuring temporal consistency across the entire
dataset. Depending on what is possible, variable resampling or linear interpolation is used.
If more than one timestep of the variable data falls within the window of the newly decided
timesteps, the average is taken. If this is not the case, linear interpolation is used between
the two closest timesteps. In the case that 30 minutes (three times the set time resolution) of
data is not available, the dataset is split, meaning that a separate section of data is created on
both sides of this gap. Additionally, trimming the data is also possible to exclude parts of the
start and end of the spectrogram, which might not be needed. An example of a preprocessed
ion spectrogram can be seen in Figure 5.1.

After the initial data preparation, the dataset is stored as HDF5 files, which allows for easy
and fast retrieval of large datasets, especially in PyTorch, which requires fast access to the
data during training. The HDF5 format is particularly suitable for handling large datasets, as
it supports hierarchical data organisation and efficient compression. Each time range of the
dataset is stored as a different session in the HDF5 file, allowing for easy access to specific
time periods. This split is often done per mangetotail pass (around a week of data), but can be
split up if gaps in data are too large, as mentioned earlier. This ensures that the model does
not have to deal with large gaps in data during training or inference, which could lead to poor
performance.



5.3. Training Data Preparation 40

5.3. Training Data Preparation

After the initial data preparation, the dataset is accessible using a dataloader class, which
allows for easy access to the data during training. The dataloader class is designed to handle
the HDF5 files and provides methods for loading the data in batches, as well as applying any
necessary transformations. Transformations depend on the model being trained, but some
common transformations include normalisation, window averaging, and logarithmic scaling.

5.3.1. Data labelling

For supervised learning tasks, the data needs to be labelled. In this research, the labelling is
done by using a list of knownmagnetotail boundary crossings, taken from [1]. This list contains
the timestamps of known crossings; these crossings are used to split the data into magnetotail
and magnetosheath regions. All data points beyond the first entry and last exit are labelled
as magnetosheath, with a buffer of several hours. Magnetotail regions are labelled as all data
points between the last entry and first exit of the magnetotail region, also with of buffer of 30
minutes. After this automatic sorting, all sections are manually checked to ensure the labelling
is correct, and if data seems unfit, it is removed from the dataset.

5.3.2. Feature Preparation

When loading the data using the dataloader class, some derived parameters are calculated
and stored in the class. These include the plasma beta, the magnetic field magnitude, the
absolute value of the magnetic field x component, and the x component of the ion velocity, all
in the GSM coordinate system. These derived parameters are often used in magnetospheric
physics, as they provide important information about the plasma environment. All calculations
of these parameters are fairly straightforward, and the plasma beta is calculated as follows
[5]:

β =
2µ0nionkBT

B2
(5.1)

Where µ0 is the permeability of free space, nion is the ion density, kB is the Boltzmann constant,
T is the ion temperature, and B is the magnetic field magnitude. In current models, only the
absolute value of the magnetic field x component is used.

When data is loaded in the data loader class and is ready for training, the data is prepared
within the machine learning model class, with the same subsequent process for both the MAE
and GBDT models. Data preparation first stores all data of each variable, across all sections,
is added to a large variable-specific array.

All one-dimensional variables are stripped of large outliers within a 20-timestep window (10
timesteps each direction) around them. This is done by calculating the mean and standard
deviation in each window, and removing any values that are above two standard deviations
from the window mean. Subsequently, the global mean and standard deviation are calculated,
and stored in the class. This means future normalisation of unseen data can be performed
using the same mean and standard deviation, ensuring consistency in the data preprocessing.

For spectrogram data, ion temperature and ion density, the normalisation is performed on the
logarithm of the data. The logarithm of the data is thus also used in training and inference.
This follows the standard feature extraction approach in audio deep learning, a domain which
often deals with spectrograms [58].
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The data is then grouped into window samples of several timesteps. This is configurable, so
depending on user input, several timesteps of spectrogram and variable data will be grouped
into a single sample. Reasoning for this transformation is explained in section 5.5.

5.4. Gradient Boosted Decision Tree Baseline (Classifier)

As a baseline model, a decision tree classifier is implemented. This idea is taken from Nguyen
et al. (2022, [48]), who used a decision tree classifier to detect near-Earth magnetopause
crossings in THEMIS satellite data, and magnetopause crossings in ARTEMIS satellite data.
This method will serve here as a baseline to compare the more complex machine learning
models against, in a more dynamic environment. One large difference with the method from
Nguyen et al. (2022, [48]) is that no spacecraft positional data is used as input for training or
inference.

5.4.1. Overview

A gradient boosted classifier is an ensemble learning method that combines multiple decision
trees to improve prediction accuracy. Each tree is trained sequentially, with new trees focusing
on correcting the errors made by the previous trees. The gradient boosting algorithm in scikit-
learn uses the log loss (logistic loss) function for binary classification:

L(y, p) = − 1

N

N∑
i=1

[yi log(pi) + (1− yi) log(1− pi)] (5.2)

where yi represents the true region labels (0 for magnetosheath, 1 for magnetotail), pi is the
predicted probability of belonging to the magnetotail region, and N is the number of samples.
This loss function penalises incorrect predictions more heavily when the model is confident
but wrong.

The algorithmworks by fitting each new tree to the residuals (prediction errors) of the ensemble
built so far, then adding this tree to the model with a small learning rate to prevent overfitting.
This process continues until a specified number of trees is reached or the model converges.
In this research, the gradient boosted classifier is used to classify spacecraft measurements
as either magnetotail or magnetosheath regions.

5.4.2. Feature Selection and Preprocessing

This includes the ion spectrogram, ion density, ion velocity and ion temperature. The full input
dimension of the ion spectrogram is not used. Instead, the spectrogram is averaged over all
energy bins per timestep, reducing the input dimension to a single scalar value per timestep.
The standard deviation across energy bins is also calculated and used as an additional feature
to give themodel some information about the distribution of energy bins. This is done to reduce
the input dimension, as the 31 energy bins of the ion spectrogram could lead to overfitting, and
might make other features have less importance. Timesteps are also not grouped, and instead,
single timesteps are used as input.

5.4.3. Crossing Detection Method

To detect magnetotail boundary crossings using the decision tree classifier, a sliding window
approach is used. The classifier predicts the class (magnetotail or magnetosheath) for each
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timestep in the dataset. A crossing is detected when the predicted class changes from mag-
netotail to magnetosheath or vice versa. To reduce noise and false positives, a window of
several timesteps is used to check whether a certain number of half of the timesteps in the
window belong to a different class. If this condition is met, a crossing is detected at the centre
of the window. The size of the window and the threshold for the number of timesteps can be
adjusted to optimise performance. This is the same method as used in Nguyen et al. (2022,
[48]) who identified crossings if 1 hour of data contained as many region classifications of
one region as the other. This method, while removing a lot of false positives, can also lead
to a smaller number of detected crossings close to each other. Additionally, for smaller win-
dow sizes, in dynamic environments, with quick successive changes in region predictions, this
method can identify multiple crossings very close to each other, when in reality, there might
only be a single crossing. To prevent this, an adjustable minimum time between crossings
is also implemented, where if two detected crossings are within this time range, the second
crossing is removed. An analysis of the impact of this parameter is performed in section 6.1.

An example of the decision tree classifier predictions and crossing detections can be seen in
Figure 5.2.
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Figure 5.2: Example of decision tree classifier predictions and crossing detections. The top plot shows the ion
spectrogram, with the ion density, temperature and thermal velocity below. The two bottom plots show the

decision tree classifier predictions (0 = magnetosheath, 1 = magnetotail) and the detected and labelled crossings.

5.4.4. Optimization

An optimisation of the decision tree classifier will be performed. These are not on typical de-
cision tree hyperparameters, but instead on the crossing detection method parameters, as
described in subsection 5.4.3, as well as data smoothing. The data smoothing is performed
using a rolling mean, where a window of several timesteps is used to average the data. This
can help reduce noise in the data and make it easier for the classifier to find patterns. The
window size for the rolling mean is a parameter that can be adjusted. Additionally, the mini-
mum time between crossings and the window size for crossing detection are also parameters
that can be adjusted. An analysis of the impact of these parameters is performed in subsec-



5.5. Reconstruction Based Approach 44

tion 6.3.2 to find the optimal values, which detect crossings matching the labelled crossings
as closely as possible, depending on some chosen metrics.

5.5. Reconstruction Based Approach

This section describes the machine learning approach used to detect magnetotail boundary
crossings in spacecraft measurement data, using MAE Transformers.

To detect boundary layer crossings in the data, a reconstruction-based approach is used.
Hawkins et al. (2002, [22]) was one of the first to introduce the idea of using reconstruction er-
ror to detect anomalies in data. The idea is that a model trained on normal data will reconstruct
the normal data well, but will struggle to reconstruct anomalous data, which it hasn’t seen be-
fore. Malhotra et al. (2016, [40]) applied this idea to time series data, using LSTM networks to
reconstruct the time series data. This evenworkedwell for noisy and aperiodic data. LSTMnet-
works are a type of recurrent neural network (RNN) that are well-suited for sequential data, as
they can capture long-term dependencies in data, but are computationally expensive to train,
as they are not parallelisable. In Vaswani et al. (2017, [77]), widely regarded as one of the
most influential papers in machine learning research of the last decade, the transformer archi-
tecture was introduced, which is a type of neural network that uses self-attention mechanisms
to process sequential data. Transformers are highly parallelisable, reducing computational
cost, and can be trained on large datasets, and when provided with positional encodings, they
can also capture sequential information. CNNs are also widely used in time series data, as
well as boundary crossing detection, as seen in Cheng, Achilleos, and Smith (2022, [13]) and
Julka et al. (2023, [30]), since they can capture local patterns in the data, and are also highly
parallelisable.

Initially, one model versions were tested on detecting boundary crossings. This yielded limited
results. Eventually, the following approach was taken:

Figure 5.3: The machine learning approach used for boundary crossing detection. The two models are trained
on different regions of the magnetosphere, the magnetotail and the magnetosheath. The reconstruction error

difference is then used to detect boundary crossings.

Both models were trained on separate regions, the magnetotail and the magnetosheath. The
boundary crossing detection is then performed by calculating the difference between the re-
construction errors of the two models:

∆E(x) = Etail(x)− Esheath(x) (5.3)

where Etail(x) and Esheath(x) are the reconstruction errors of the magnetotail and magne-
tosheath models, respectively, for input x. The zero crossings of ∆E(x) indicate potential
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boundary crossing locations, as the reconstruction error difference changes sign when transi-
tioning between regions.

5.6. MAE Transformer

The Masked Autoencoder (MAE) Transformer is a neural network architecture designed to
learn representations by reconstructing masked portions of its input.

5.6.1. Overview

The complete MAE transformer architecture looks as follows:

Figure 5.4: The MAE Transformer architecture.

A portion of the input data is masked and not included as input towards the encoder layers. A
positional encoding is added to the input tokens, which have been embedded into a higher-
dimensional space. Then, input tokens go into an N number of transformer encoder layers.
Each layer first performsmulti-head self-attention, further explained in 5.6.5. The results of this
operation are added and normalised to the input tokens and go into a feed-forward network.
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This feed-forward network only works on each token independently. Afterwards, these results
are again added and normalised to the input tokens.

The decoder layers use as initial input learnable masked tokens, with positional encodings
added to them. The decoder layers also use multi-head self-attention and take information
from the encoded tokens to fill in the gaps of information. After an N number of decoder layers,
a last linear layer is used to project the output of the decoder layers back to the original input
dimension. The model is trained to minimise the reconstruction error between the masked
input tokens and the output of the decoder layers, effectively learning to predict the masked
portions of the input based on the unmasked ones.

5.6.2. Input Patching

The input data is divided into tokens, which are the basic units of input for the transformer
model. For the spectrogram, these are patches, small segments of the spectrogram that
capture local patterns in the data. These are typically chosen to be per timestamp, so each
spectrogram patch is a vector of energy bins for a single timestamp. In the model used in this
research, the number of patches per timestamp is customisable. A visualisation of the input
tokens can be seen in Figure 5.5.

Figure 5.5: Visualisation of the input tokens. The spectrogram is divided into patches, which are then used as
input tokens for the transformer model. The patches are typically chosen to be per timestamp, so each patch is a

vector of energy bins for a single timestamp.

Each input patch will then be tokenised by using a linear neural network layer, making it an
embedded input token.

Patches for non-spectrogram variables are created differently. For vector variables, like three-
dimensional magnetic field data, the components are grouped and linearly embedded into
the model dimension, and now act as an embedded patch. Scalar variables, like plasma
density, velocity, and temperature, are grouped together into a single vector and then linearly
embedded into the model dimension, using a consistent linear embedding, acting like a patch
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as well. After all variables are embedded, they are concatenated together per timestamp,
creating a single input token per timestamp.

5.6.3. Input Embedding

The input data, which consists of multivariate time series (e.g., spectrograms and physical
variables), is first embedded into a higher-dimensional space. The reasoning is that using a
linear neural network layer to embed the input data allows the model to learn more features
from the data, like distributions and correlations between the energy bins of a spectrogram.
The embedding is performed as follows:

zt = Wembxt + bemb (5.4)

where xt is an input vector of timestamp t and dimension d,Wemb and bemb are the weights and
biases (learnable parameters), and zt is the embedded input. Positional encodings are added
to zt to retain temporal information. This method of positional encoding is taken from Vaswani
et al. (2017, [77]), and uses sine and cosine functions of different frequencies to encode the
position of each token in the sequence. These can be expressed as follows:PE(pos,2i) = sin

(
pos

100002i/demb

)
PE(pos,2i+1) = cos

(
pos

100002i/demb

) (5.5)

where pos is the position of the token in the sequence (timestep in this case), i is the dimension
index, and demb is the model’s embedding dimension. This encoding allows the model to
understand the order of the input tokens, allowing it to learn time-related patterns. It is added
to the embedded input, giving the final input to the transformer encoder layers as:

z′t = zt + PE (5.6)

where z′t is the final input to the transformer encoder layers, and PE is the positional encoding
matrix.

It should be noted that the positional encoding is one-dimensional, while often dealing with
spectrograms, which are two-dimensional. A two-dimensional positional encoding, with similar
workings as this one, did not lead to better results in initial experiments, and thus the simpler
one-dimensional encoding is used.

5.6.4. Masking

The MAE Transformer employs a masking strategy to encourage the model to learn robust
representations. This masking is performed by randomly selecting a subset of input tokens
to be masked and setting their values to zero. The model is tasked with reconstructing these
masked tokens based on the unmasked ones. In the case of the magnetopause crossing
spectrograms, the masking is performed on around 30-40% of the input tokens during testing.
However, only patches of the spectrogram aremasked. This showed increased stability, where
the model can still derive context from the other variables. Different masking strategies are
used during training, and during validation or during inference. During training, a random
masking strategy is used, where a random subset of tokens is masked for each training sample.
This encourages the model to learn to reconstruct any part of the input, rather than relying
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on specific unmasked tokens. During validation and inference, a fixed masking strategy is
used, but instead of using a single mask, several hundred different masks are used, and the
reconstruction error is averaged over all masks. This provides a more robust estimate of the
model’s performance, as it reduces the variance in the reconstruction error due to the specific
choice of masked tokens.

5.6.5. Self-Attention

The core of the transformer is the self-attention mechanism, which allows the model to weigh
the importance of different tokens when encoding information. The attention equation is de-
fined as follows:

Attention(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V (5.7)

where Q,K, and V are the query, key, and value matrices derived from the input embeddings,
and dk is the dimension of the keys. The query matrix Q represents what information each
token is seeking from other tokens in the sequence, the key matrixK represents what informa-
tion each token can provide to others, and the value matrix V contains the actual content that
gets aggregated based on the attention weights. Together, these matrices enable the model
to determine which parts of the input sequence are most relevant for understanding each po-
sition, allowing it to capture complex temporal dependencies in the spacecraft measurement
data.

The query, key, and value matrices are computed as follows:

Q = WQz
′
t, K = WKz′t, V = WV z

′
t (5.8)

where WQ, WK , and WV are learnable weight matrices for the query, key, and value transfor-
mations, respectively.

Equation 5.7 produces a context-aware representation for each token that incorporates in-
formation from all other tokens in the sequence, with higher attention weights given to more
relevant tokens (E.g. close energy bins, close timestamps).

Multi-Head Self-Attention
Multi-head self-attention works by dividing the input embeddings into multiple smaller subsets,
each with its own set of query, key, and value matrices. Each subset is processed indepen-
dently, allowing the model to capture different relationships and patterns in the data. The
outputs of these independent attention heads are then concatenated and linearly transformed
to produce the final output of the self-attention layer.

Output Projection
The output projection layer maps the decoder’s high-dimensional feature representations back
to the original input format through three separate linear transformations, similarly to input em-
beddings. For scalar projection, a linear layer projects decoder outputs to scalar values such
as energy measurements and timestamps. Vector projection uses a linear layer to reconstruct
multi-dimensional vector features from the learned representations. Finally, spectrogram pro-
jection employs a linear layer that maps back to the original spectrogram dimensions while
preserving the frequency-time structure.
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5.7. Training

Training the MAE Transformer involves updating the model parameters to minimise the recon-
struction error between the masked input tokens and the output of the decoder layers.

5.7.1. Updating Model Parameters

As mentioned in section 5.5, the model is trained to minimise the reconstruction error between
the masked input tokens and the output of the decoder layers. The reconstruction error is
measured using the Mean Squared Error loss function, which is defined as follows:

Loss(y, ŷ) = 1

n

n∑
i=1

(yi − ŷi)
2 (5.9)

where y represents the masked input tokens, ŷ is the output of the decoder layers. This
function is used to calculate gradients with respect to the model parameters, which are sub-
sequently updated using the Adam optimiser.

Like most machine learning models, the MAE Transformer is trained using gradient descent.
In this case, the Adam optimiser is used [32]. Adam (Adaptive Moment Estimation) is an
optimisation algorithm that combines the advantages of two other extensions of stochastic
gradient descent: AdaGrad and RMSprop. It computes learning rates for each parameter by
maintaining exponentially decaying averages of past gradients and their squared magnitudes.
This allows for efficient training when gradients are low and data is noisy. The adam optimiser
updates weights in the machine learning model as follows:

wt+1 = wt − α
mt√
vt + ϵ

(5.10)

where wt is the parameter at time step t, α is the learning rate (a hyperparameter), mt is the
mean of gradients, vt is the variance of gradients, and ϵ is a small constant to prevent division
by zero. The first and second moment estimates are updated as follows:

mt = β1mt−1 + (1− β1)
dL

dw
(5.11)

vt = β2vt−1 + (1− β2)(
dL

dw
)2 (5.12)

where dL
dw represents the gradient computed at time step t, and β1 and β2 are hyperparameters

governing the exponential decay rates for the first and second moment estimates, respectively.

5.7.2. Training Strategy

The training strategy employs a typical train-test split approach, with approximately 85% of
the data used for training and 15% reserved for testing. This split is necessary to evaluate the
model’s performance on unseen data and prevent overfitting. When training loss and test loss
diverge, it indicates that the model is learning the training data by heart, and not finding the
underlying patterns in the data to generalise well to unseen data. A typical loss curve can be
seen in Figure 5.6.
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Figure 5.6: Example of a loss curve during training.

For minimising training time, the model is trained in batches, where each batch contains a
fixed number of samples. This means that gradients will be computed for each batch, and the
model parameters will be updated after each batch is processed.

5.7.3. Measures for Preventing Overfitting

To prevent overfitting, several measures are taken during training. A dropout layer is used after
each transformer layer, which randomly sets a fraction of the input units to zero during training.
This prevents the model from relying too heavily on specific ”neurons” and encourages it to
learn more robust features. Early stopping is also used, where the training process is halted
if the test loss does not improve for a certain number of epochs. This prevents the model
from continuing to learn the training data by heart, and instead focuses on generalising well
to unseen data.

5.8. Conclusion

This chapter described the methods used to detect magnetotail boundary crossings in space-
craft data. The data preparation steps included downloading THEMIS satellite data, converting
it to a consistent time format, and storing it in HDF5 files for efficient access. The labelling
process used existing lists of known boundary crossings to create training data.

Two main approaches were implemented. First, a gradient boosted decision tree classifier
was used as a baseline method, similar to previous work on magnetopause detection. This
approach classifies individual data points and uses a sliding window to detect crossings when
the predicted region changes.

Second, a reconstruction-based approach using MAE Transformers was developed. This
method trains separate models on magnetotail and magnetosheath data, then compares their
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reconstruction errors to identify boundary crossings. The transformer architecture processes
the data using self-attention mechanisms and is trained to reconstruct masked portions of the
input.

Both approaches aim to automatically detect boundary crossings in the dynamic magnetotail
environment, with the reconstruction method offering an alternative to traditional classification
approaches. The training procedures include standard machine learning practices like train-
test splits and overfitting prevention measures.



6
Optimisation and Verification

This chapter presents the optimisation and verification of the magnetotail boundary crossing
detection models. It covers the dataset splitting strategy, model training procedures, and per-
formance evaluation of both the gradient boosted classifier and MAE transformer approaches.
The results show optimal crossing detection parameters for each model type and identify the
best-performing models based on performance metrics.

6.1. Model Optimisation, Verification and Validation Strategy

Model optimisation and verification are performed by splitting the dataset into three parts: a
training set, a test set, and a validation set. The training set is used to train the model, focused
on optimising the model’s parameters to minimise the reconstruction error for samples within
the training set. The test set is used to evaluate the model’s performance during training,
seeing whether the model is overfitting to the training data or not. Based on this test set per-
formance, typical hyperparameters such as learning rate, batch size, and model architecture
are optimised to prevent overfitting and optimise reconstruction on unseen data. Finally, the
validation set is used slightly differently than usual. The validation set will be used to compare
crossing detection performance, not reconstruction error, between different models. Based
on this performance, the final model will be selected.

6.1.1. Dataset

The dataset used for training, testing and validation is based on Akay, Kaymaz, and Sibeck
(2019, [1]), which provides a dataset of several hundred crossings between 2011 and 2013
for the ARTEMIS P1 and ARTEMIS P2 satellites. Using the crossing timestamps, data from
the ESA instrument [42], the FGM instrument [3], and the EFI instrument [11] are gathered
from the NASA Coordinated Data Analysis Web [44]. Data is split up into either magnetotail
or magnetosheath data as described in subsection 5.3.1. All data from before 2012-08-29
ARTEMIS P1, and all data of ARTEMIS P2 (up until August 2013) are used for training and
testing, while all data from ARTEMIS P1 after this date is used for validation. This amounts to
approximately 25% of all data and crossings. This might seem like much, but it is desired for
accurate computation of performance metrics during model validation. The training and test
set is split up into 85% training data and 15% test data.

52
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6.2. Model Training

To verify that themodel is learning to reconstruct the input data, the reconstruction error on both
the training and test sets is monitored during training. The reconstruction error on the test set
must be similar to the reconstruction error on the training set, as this indicates that the model
is not overfitting to the training data. Both train loss and test loss for both the magnetosheath
and magnetotail models can be seen in Figure 6.2 and Figure 6.1, respectively.

Figure 6.1: Train and test loss during training of the magnetotail model. The loss is the mean squared error
between the input and reconstructed output, normalised against the training set mean and standard deviation.

Figure 6.2: Train and test loss during training of the magnetosheath model. The loss is the mean squared error
between the input and reconstructed output, normalised against the training set mean and standard deviation.

As can be seen in Figure 6.2 and Figure 6.1, a sharp decrease in reconstruction error occurs
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in the first 5 epochs, after which the reconstruction error decreases more slowly. The magne-
totail seems to settle at a higher average reconstruction error than the magnetosheath, which
is likely due to the relative complexity of the magnetotail data. In the end, both models’ re-
constrution errors are normalised against their training means and standard deviations during
crossing detection, to prevent this difference from affecting crossing detection performance,
and possibly shifting crossing detection across time. Something noticable is that the test loss
is consistently lower than the train loss. Since the models are set to an evaluation mode during
test loss computation, this means that the dropout layers are not active, and thus the model is
more robust during testing. This is a good sign, as it indicates that the model is not overfitting
to the training data, and is able to generalise well to unseen data.

6.2.1. Model Hyperparameters

The common model parameters used for all MAE transformer models are shown in Table 6.1.
These hyperparameters are difficult to optimise; only small performance changes are observed
when changing these parameters. Additionally, higher reconstruction performance does not
necessarily translate to better crossing detection. Models should be able to reconstruct by
learning the general trends in each region, and not overfit on anomalies. One observation
was that increasing the model dimension, number of attention heads, encoder and decoder
layers, more than 128, 4, 4 and 4, respectively, would hurt training by a lot. Large fluctuations
and instability in loss were more common at higher hyperparameter values. The parameters
seen in Table 6.1 were selected based on the size of samples (31 energy bins, 1-5 timesteps),
which are quite small. Therefore, a small model is sufficient to capture the general patterns in
the data, while also being computationally efficient.

Parameter Value
input_dim 31
d_model 64
nhead 2
num_encoder_layers 2
num_decoder_layers 2
dim_feedforward 64
mask_ratio 0.4
patches_per_timestamp 8
epochs_per_model 60
learning_rate 1e-3

Table 6.1: Hyperparameters used in the DoubleTransformer model.

input_dim is the number of input variables, in this case 31, as there are 31 energy bins in the
spectrogram. timestamps is the number of timestamps per sample, d_model is the dimension
of the model, the same as the input embedding dimension. nhead is the number of attention
heads in the multi-head self-attention mechanism, dim_feedforward is the dimension of the
feedforward network in each transformer layer, mask_ratio is the ratio of input tokens that
are masked during training, and patches_per_timestamp is the number of patches per times-
tamp in the input data. epochs_per_model is the number of epochs that the magnetosheath
reconstructor and the magnetotail reconstructor used during training.

The common model parameters used for all GBDT models can be seen in Table 6.2. Again,
only small performance changes are observed when changing any of the hyperparameters.
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Classification accuracy was consistently above 99%, with little to no change.

Parameter Value
n_estimators 100
max_depth 6
learning_rate 0.1
min_samples_leaf 100

Table 6.2: Hyperparameters used in the GradientBoostingClassifier baseline.

n_estimators is the number of boosting stages (trees) in the ensemble. max_depth is the
maximum depth of each individual regression tree. learning_rate is the shrinkage factor ap-
plied to each tree’s contribution, trading off step size vs. number of trees. min_samples_leaf
is the minimum number of samples required at a leaf node, acting as regularisation to reduce
overfitting.

6.2.2. Feature Selection

Feature selection was based on two main reasons. The first reason is based on what the
most prevalent markers were for magnetotail boundary crossings at lunar distance. This is
discussed in Akay, Kaymaz, and Sibeck (2019, [1]), where some of the most important mark-
ers were deduced to be ion density, ion velocity magnitude, ion temperature, and ion energy
spectrograms. Furthermore, training stability and performance were also taken into account.
Features that were too noisy, had an impact on training stability, or did not improve perfor-
mance were removed. Some derived parameters, like plasma beta, were also considered
and tested, but decreased training stability due to high noise levels. The final selected fea-
tures can be seen in Table 6.3. Furthermore, electron properties were also tested, but did not
improve performance, likely due to their similarity to the ion properties. Magnetic field prop-
erties were also included in testing. With their inclusion, similar performance was observed
overall, but a slight increase in the false positive rate was observed.

Feature Description
Ion Density Ion density measurements
Ion Velocity Magnitude Magnitude of ion flow velocity
Ion Temperature Plasma temperature measurements
Ion Energy Spectrograms Energy flux as a function of energy and time
Magnetic Field X-Component Absolute value of GSM Magnetic Field X-Component

Table 6.3: Selected features for model training and their description.

It is important to note that these features were chosen for their stable training results and
predictions. However, other features might also be important for improving boundary crossing
detection, as will be seen in the subsection 7.3.3. Future work could focus on improving the
quality of preprocessing other features, such as more magnetic field data, to make them more
suitable for model training and potentially improve performance.
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6.3. Model Comparison and Performance Evaluation

Model performance is evaluated using various metrics to assess accuracy and reliability. Met-
rics will be based on how well magnetotail boundary crossings are predicted compared to
labelled data. It is important to note that labelled data may contain inaccuracies, which can
affect the evaluation of model performance. For this evaluation, it is assumed that labelled
data is accurate enough to indicate model performance based on its use. A large number of
models were trained during the pre- and post-processing tuning phase; the best-performing
models were selected for further evaluation. Several models were also selected with different
goals in mind, such as high precision, high recall, or a balance.

6.3.1. Performance Metrics

Before discussing the performance metrics, it is important to clarify what predictions are con-
sidered to be true positives, false positives, true negatives and false negatives. Since the
magnetotail at lunar distances is very dynamic, multiple crossings can occur within a short
time frame. In the labelled dataset, crossings are marked with a timestamp, which can be
as close as 5 minutes apart from each other. Since data is sampled every 10 minutes, it is
hard to detect crossings at this resolution. Therefore, (and also based on the requirements
stated in Appendix B) if a model predicts a crossing within a 30-minute radius of a labelled
crossing, it is considered a true positive. If labelled crossings are within 10 minutes of another
labelled crossing which has been predicted, it is not considered a false negative, but simply
removed from the performance evaluation. False positives are predictions that are not within
30 minutes of a labelled crossing, or a labelled crossing with another detected crossing closer
to it. True negatives are not well-defined in this reconstruction-based approach, as any times-
tamp without a labelled crossing could theoretically constitute a true negative, leading to an
unbounded negative class. Instead, we focus on precision-based metrics and false positive
rates, which are more meaningful for time series crossing detection.

Several performance metrics are used to evaluate the models, each with a certain goal in mind.
The most important ones are discussed here:

Precision is used to measure the accuracy of the models in predicting true positives. This
is important as false positives (incorrectly predicting a magnetopause crossing) can lead to
wrong conclusions in magnetotail studies, potentially affecting the interpretation of the mag-
netotail’s interaction with the magnetosheath. High precision ensures that when the model
identifies a boundary crossing, it is likely to be correct. Precision is calculated as:

Precision =
True Positives

True Positives+ False Positives
(6.1)

Recall measures the model’s ability to identify all actual boundary crossings in the dataset.
High recall ensures that boundary crossing databases are comprehensive, allowing a more
detailed analysis of magnetotail dynamics. Recall is calculated as:

Recall = True Positives
True Positives+ False Negatives

(6.2)

The F1-score provides a balanced measure between precision and recall, offering a single
metric that considers both false positives and false negatives. This is valuable when comparing
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different models, as it accounts for the trade-off between identifying all boundary crossings and
maintaining prediction accuracy. The F1-score is calculated as:

F1-score = 2 · Precision · Recall
Precision+ Recall

(6.3)

F0.5-score is also reported, as it weights precision higher than recall. This is useful in sce-
narios where false positives are more detrimental than false negatives. In the context of mag-
netotail boundary crossing detection, a false positive could lead to incorrect interpretations of
plasma dynamics, while a false negative might simply mean missing out on some events. The
F0.5-score is calculated as:

F0.5-score = (1 + 0.52) · Precision · Recall
(0.52 · Precision) + Recall

(6.4)

Temporal precision is also an important metric, as it indicates how close the predicted cross-
ing times are to the actual crossing times. Since these spacecraft move quickly through the
magnetotail, temporal inaccuracies can lead to fairly significant spatial inaccuracies. There-
fore, metrics such as the mean and standard deviation of the time difference between true
positive predictions and actual crossing times are also reported.

The F0.5-score and precision will serve as the primary criteria for model evaluation and
selection. This is to emphasise the importance of precision over recall, as wrong boundary
crossing detections can lead to wrong interpretations of magnetotail behaviour. A false positive
could result in wrong conclusions about magnetotail structure, while a false negative will likely
have less of an effect on scientific analyses.

6.3.2. Impact of Pre- and Post-processing on Model Performance

The impact of pre- and post-processing techniques is high, and thus, a detailed analysis of
these techniques is performed to find the optimal settings. This is done for both the gradient
boosted classifier and MAE transformer models.

Gradient Boosted Classifier:
To find the best gradient boosted classifier model, a grid search was performed over the win-
dow size settings, as discussed in subsection 5.4.3, and for how many timesteps crossing
windows could not overlap. This yielded these results for an ROC-style curve Figure 6.3, as
well as precision, recall, F0.5 and F1 score curves in Figure 6.4, Figure 6.5, Figure 6.6a, and
Figure 6.6b respectively.
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Figure 6.3: ROC-style curve for gradient boosted classifier models with different window sizes and
non-overlapping timestep settings. Each point represents a different model configuration. The number at each
datapoint denotes the detection window size. The goal is to maximise the true positives while minimising the

false positives.

Figure 6.3 shows that there is a clear trade-off between true positives and false positives.
Models with smaller window sizes and less restrictive non-overlapping timestep settings tend
to have higher true positive rates, but also higher false positive rates. Conversely, models
with larger window sizes and more restrictive non-overlapping timestep settings tend to have
lower false positive rates, but also lower true positive rates. This trend is particularly visible at
a window size of 8 or higher. This is mostly as expected, as smaller window sizes allow the
model to be more sensitive to changes in the data, but also more prone to false alarms. The
optimum depends on the specific use case, but a good balance is often desired. In the case
of magnetotail boundary crossing detection, a strong emphasis is placed on minimising false
positives, and thus models with a high precision and F0.5 scores are preferred.
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Figure 6.4: Model F0.5 Score of boundary crossing predictions with different window sizes and non-overlapping
timestep settings.

According to Figure 6.4, models with a window size of 6 or 8 and non-overlapping timestep
settings of 2 to 4 tend to have the highest F0.5 scores. This indicates that thesemodels strike a
good balance between precision and recall, with a slight emphasis on precision. Additionally,
for window sizes of 10, the F0.5 score tends to only slightly decrease, meaning that these
models are still quite effective. The reasoning for this is quite simple. The timesteps apart
requirement forces the model to make fewer predictions in areas where a crossing occurs,
making it pinpoint only one crossing in a certain time frame. This reduces the number of
false positives close to crossing regions. Additionally, the higher window sizes of 4, 6, and
8 (compared to 2) allow the model to better capture the temporal context of data, leading to
fewer false positives as well. Since these window sizes are not too large, the model can still
be sensitive enough to detect crossings.

Figure 6.5: Model Precision of boundary crossing predictions with different window sizes and non-overlapping
timestep settings.

Figure 6.5 shows that precision tends to be higher for models with larger window sizes and
more restrictive non-overlapping timestep settings, up until a window size of 8, where the preci-
sion score flattens out, and decreases afterwards. This is for similar reasons to the F0.5 score,
as larger window sizes and more restrictive non-overlapping timestep settings allow the model
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to better capture the temporal context of data, leading to fewer false positives. However, if the
window size is too large, the model may become less sensitive to changes in the data, leading
not to more false positives, but rather more false negatives, which in turn lowers precision.

(a) Model F1 Score of boundary crossing predictions with
different window sizes and non-overlapping timestep settings.

(b) Model Recall of boundary crossing predictions with
different window sizes and non-overlapping timestep settings.

The trend in F1 score and Recall is more one-sided, due to the higher restrictions of the higher
window sizes and non-overlapping timestep settings. As can be seen in Figure 6.6a and Fig-
ure 6.6b, A steady decrease in both metrics is observed as window size and non-overlapping
timestep settings increase.

Based on these results, three models were selected for further evaluation: a model with a high
F0.5 score, a model with high precision, and a model with a more balanced approach. The
parameters and performance metrics of these models can be seen in Table 6.4. An averaging
window of 3 was used. While this was not specifically quantitatively optimised for, it seemed
to offer the best performance across the whole spectrum of models. Lower values would
significantly increase the number of false positives. The model with the highest F0.5 score
and the model with the highest precision are the same. This is not unusual; F0.5 score sets a
high weight on precision, and thus the model with the highest precision will often also have a
high F0.5 score. The balanced model will therefore be chosen to have a higher recall, at the
cost of some precision, for comparison purposes to MAE models later on.
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Table 6.4: Model parameters and performance metrics for selected models.

Model Parameters High F0.5 High Precision Balanced
Averaging window 3 3 3
Window size 8 8 6
Non-overlapping timesteps 3 3 2
Performance Metric
F0.5 Score 0.695 0.695 0.692
Precision 0.870 0.870 0.810
F1 Score 0.534 0.534 0.568
Recall 0.385 0.385 0.438
True Positives 87 87 98
False Positives 13 13 23
False Positive Rate 0.130 0.130 0.190
False Negative Rate 0.615 0.615 0.562
In Range Positives 120 120 129
Out Range Predicted Positives 13 13 21
False Negatives 139 139 126
Total True Crossings 235 235 235
Total Predicted Crossings 100 100 121
Time Window (min) 30 30 30
TP Time Accuracy Mean (min) 12.590 12.590 12.590
TP Time Accuracy Std (min) 7.540 7.540 7.370
Variables Used ni, |vi|, ni, |vi|, ni, |vi|,

Ti, Φi Ti, Φi Ti, Φi

In the table above, the variables used for themodels are: ion density (ni), magnitude of ion flow
velocity (|vi|), ion thermal velocity (vth,i), ion temperature (Ti), and ion energy flux (Φi) using
the spectrograms’ mean and standard deviation per timestamp. These parameters represent
the key plasma properties used to train the different model variants.

MAE Transformer:
The MAE transformer models have pre- and post-processing features that act similarly to
the gradient boosted classifier’s features discussed in subsection 5.4.3. A similar analysis is
done for these features to find the optimal settings. Since the MAE transformer models use
a reconstruction-based approach, the window size and non-overlapping timestep settings are
not applicable. Instead, the number of timesteps used as input, the averaging window size
in pre-processing, and the post-processing reconstruction error averaging window size are
varied. This resulted in 48 models with different hyperparameter combinations. The relation
between the earlier discussed metrics isn’t as clear as with the gradient boosted classifier
models, but some trends can still be observed. One important note is that models were trained
with the ion density, ion velocity and ion temperature variables, or with ion density, ion thermal
velocity and ion temperature. An asterisk (*) denotes models trained with ion thermal velocity
instead of ion velocity. In general, both versions of the models perform similarly. All models in
the figures are trained with ion velocity.
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Figure 6.7: ROC-style curve for MAE transformer models with different numbers of timesteps. Each point
represents a different model configuration. This figure is shown as a general trend to see how step size

influences the distribution of true positives and false positives.

As can be seen from Figure 6.7, models with a higher number of timesteps tend to struggle
more with detecting a large amount of true positives, even for models where sensitivity is
higher (low data averaging window and low reconstruction error averaging window), where
false positives increase.

Figure 6.8: ROC-style curve for MAE transformer models with 2 timesteps. Each point represents a different
model configuration. The number at each datapoint denotes the data averaging window size and reconstruction

error averaging window size, respectively.
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Figure 6.8 shows the ROC-style curve for models with 2 timesteps. Both window averaging
data and window averaging reconstruction error affect the model’s ability to detect true posi-
tives while reducing false positives. Window averaging errors seem to have a larger effect on
this, heavily reducing both true positives and false positives as it increases. Window averag-
ing data seems to incite large decreases in false positives, but not as high a decrease in true
positives, and sometimes even increases true positives.

The mixing of these 3 parameters makes it hard to find clear trends in the other performance
metrics, such as precision, recall, F1 score and F0.5 score. Different combinations of these
parameters can lead to similar performance metrics, even if the parameters themselves are
quite different. Based on the performance metrics, three models were selected for further eval-
uation. One with a high precision (High Precision), one with a good balance between precision
and recall (Balanced), and one with a high F0.5 score (High F0.5). Full model performance
metrics can be seen in Table 6.5.

Table 6.5: Model parameters and performance metrics for selected models.

Model Parameters High F0.5 High F0.5* High Precision* Balanced*
# Timesteps 1 1 3 1
Data averaging window 3 3 4 4
Error averaging window 3 2 3 2
Performance Metric
F0.5 Score 0.715 0.720 0.685 0.685
Precision 0.804 0.782 0.853 0.833
F1 Score 0.613 0.644 0.529 0.541
Recall 0.496 0.547 0.383 0.400
True Positives 111 122 87 90
False Positives 27 34 15 18
False Positive Rate 0.196 0.218 0.147 0.167
False Negative Rate 0.504 0.453 0.617 0.600
In Range Positives 139 151 118 121
Out Range Predicted Positives 25 33 15 17
False Negatives 113 101 140 135
Total True Crossings 235 235 235 235
Total Predicted Crossings 138 156 102 108
Time Window (min) 30 30 30 30
TP Time Accuracy Mean (min) 6.92 6.63 8.94 8.46
TP Time Accuracy Std (min) 6.19 5.70 7.07 5.87
Variables Used ni, |vi|, ni, vth,i, ni, vth,i, ni, vth,i,

Ti, Φi Ti, Φi Ti, Φi Ti, Φi

In the table above, the variables used for the models are: ion density (ni), magnitude of ion
flow velocity (|vi|), ion thermal velocity (vth,i), ion temperature (Ti), and ion energy flux (Φi)
using the full spectrogram. These parameters represent the key plasma properties used to
train the different model variants.

Twomodels were selected with a high F0.5 score, one trained with ion velocity and one with ion
thermal velocity due to their proximity in critical performance metrics, but their larger difference
in others.

Now that both the gradient boosted classifier and MAE transformer models have been evalu-
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ated based on their pre- and post-processing features, the best performing models from each
category will be further evaluated and compared in subsection 7.1.2.

6.3.3. Computational Efficiency

Computational efficiency is an important factor to consider when evaluating the practicality
of using these models for real-time or large-scale applications. All models with use only
timestamps have a major advantage in this regard. As discussed earlier, models use a pre-
generated set of masks during inference to stabilise predictions. For multiple timestamps, this
number needs to be quite high to ensure good stability, and is therefore set at 1000. This pro-
duced very stable results, with the same crossing predictions no matter the set of masks used.
If 1 timestep is used, this number can be reduced significantly due to the number of possible
masks being 70. This means that the model only needs to perform 70 forward passes through
the model, instead of 1000, leading to a significant reduction in computation time. For the
validation set, 1 year of data, this meant a difference of 20 seconds compared to 300 seconds
to run inference for the 3-timestep models.

6.3.4. Inhibition Gate Improvement

To improve the MAE models’ performance, some reconstruction error-based approaches can
be used. If both MAE models (magnetotail and magnetosheath) have high reconstruction er-
rors before and after a candidate crossing, the data is likely either anomalous or not part of
either region. Both models seem to recognise the region. Therefore, a further filter can be
applied to remove candidate crossings where both models have extremely high reconstruc-
tion errors before and after the crossing. This can be done by setting a threshold based on
the mean and standard deviation of reconstruction errors in both regions during training. This
check will essentially act as an inhibition gate, only allowing crossings to be detected if at least
one model has a reasonable reconstruction error before or after the crossing. The mathemat-
ical expression for this gate is as follows:

(min(Etail,i, Etail,i+1) < µtail + 2σtail) ∨ (min(Esheath,i, Esheath,i+1) < µsheath + 2σsheath)
(6.5)

This method was tested on a high F0.5 score model (with the absolute value of the magnetic
field GSMX component added). And led to greatly increased precision and a slight decrease in
recall. The F0.5 score saw a significant increase. The improvement can be seen in Table 6.6.
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Table 6.6: Model parameters and performance metrics for selected models.

Model Parameters Inhibitor Gate No Inhibitor Gate
# Timesteps 1 1
Data averaging window 3 3
Error averaging window 3 3
Performance Metric
F0.5 Score 0.731 0.715
Precision 0.912 0.837
F1 Score 0.564 0.587
Recall 0.408 0.452
True Positives 93 103
False Positives 9 20
False Positive Rate 0.088 0.163
False Negative Rate 0.592 0.548
In Range Positives 117 126
Out Range Predicted Positives 9 20
False Negatives 135 125
Total True Crossings 235 235
Total Predicted Crossings 102 123
Time Window (min) 30 30
TP Time Accuracy Mean (min) 7.25 7.46
TP Time Accuracy Std (min) 6.14 6.28
Variables Used ni, |vi|, ni, vth,i,

Ti, Φi, |Bx| Ti, Φi, |Bx|

These models also used the absolute value of the magnetic field GSM X component (|Bx|) as
an additional feature. As can be seen, the inhibitor gate significantly improves precision, at
the cost of some recall. The F0.5 score sees a significant increase, indicating that this method
is effective for improving model performance.

Instead of the usage of the other MAEmodels for further comparison, this inhibitor gatemethod
will be used for the final MAE model, as it significantly improves performance.

6.4. Conclusion

This chapter showed how well both gradient boosted classifiers and MAE transformers can
detect magnetotail boundary crossings. Several key findings emerged from the analysis:

Pre- and post-processing settings made a big difference in how well the models performed.
For gradient boosted classifiers, window sizes of 6-8 with non-overlapping timestep settings
of 2-4 gave the best F0.5 scores. For MAE transformers, models using 1-3 timesteps with
moderate data and reconstruction error averaging windows (3-4 samples) worked best for
balancing precision and recall.

The MAE transformers’ reconstruction approach worked well on unseen data, with test losses
consistently lower than training losses during training, likely due to the disabling of dropout.
Both model types converge, with strong improvements at first followed by gradual refinement.

The optimisation process successfully found the best hyperparameters and configurations for
both approaches, creating a solid methodology for automated boundary detection. The sys-
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tematic evaluation of pre- and post-processing techniques gives clear guidance for future use
of these methods in magnetotail research.



7
Results

This chapter presents the results of the model training and evaluation process. The perfor-
mance of the selected models is analysed based on various metrics, including precision, re-
call, F-scores, and temporal accuracy of detected magnetopause crossings. The results are
compared against the labelled dataset of known crossings, and the physical plausibility of
detected crossings is validated through spatial distribution analysis in relation to established
magnetopause models. Outliers in the detected crossings are investigated to understand po-
tential causes and implications for model performance.

7.1. Training Results

This section evaluates the performance of the MAE transformer and gradient boosted classi-
fier models developed in Chapter 6. The analysis compares quantitative metrics like precision,
recall, and F-scores, examines model predictions and their physical interpretations, and val-
idates detected crossings against established magnetopause models. Finally, the results of
the generated crossing datasets are presented.

7.1.1. MAE Reconstruction Examples

Some examples of the reconstruction of spectrogram samples can be seen in figures 7.1,
7.2 and 7.3. In this case, the samples have 4 timesteps. These samples are taken from a
validation set. The validation set was not used in either the training or test sets.

67
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Figure 7.1: Example of a magnetotail
spectrogram sample. The recreation by the MAE
magnetotail transformer is shown in the middle

plot, and the recreation by the MAE
magnetosheath transformer is shown on the right.

Figure 7.2: An example of a magnetosheath
spectrogram sample. The recreation by the MAE
magnetotail transformer is shown in the middle,
and the recreation by the MAE magnetosheath

transformer is shown on the right.

Figure 7.3: Example of a magnetopause crossing sample. The middle plot shows the reconstruction by the MAE
magnetotail transformer, and the right plot shows the reconstruction by the MAE magnetosheath transformer.

These recreations show that the models are able to reconstruct the spectrogram samples from
regions they are trained on well, and others less so. The crossing is difficult to reconstruct for
both models. It should be noted, of course, that reconstruction error is only calculated on
patches that were masked. In Figure 7.1, Figure 7.2, and Figure 7.3, the full ”recreation” is
shown, which includes both masked and unmasked patches. The reconstruction error is only
calculated on the masked patches.

7.1.2. Quantitative Results

In this subsection, a comparison is made between the best-performing gradient boosted clas-
sifier and MAE transformer models. For the gradient boosted classifier, both a high precision
model, a model based on a balance between precision and F0.5 score, and a high F0.5 model
are compared to the best performing MAE transformer model in Table 7.1, Table 7.2 and Ta-
ble 7.3, respectively. The MAE transformer model used for comparison is the one using ion
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velocity and the X-component of the magnetic field, with additional inhibition methods, as de-
scribed in subsection 6.3.4.

Table 7.1: Model parameters and performance metrics for high precision MAE transformer and gradient boosted
classifier models.

Performance Metric MAE Model Classifier Precision
Precision 0.912 0.870
F0.5 Score 0.731 0.695
F1 Score 0.564 0.534
Recall 0.408 0.383
True Positives 93 87
False Positives 9 13
False Positive Rate 0.088 0.190
False Negative Rate 0.592 0.562
TP Time Accuracy Mean (min) 7.25 12.590
TP Time Accuracy Std (min) 6.14 7.54

The MAE transformer model outperforms the gradient boosted classifier, particularly in tem-
poral accuracy and F0.5 scores. While classifiers achieve close precision (0.912 vs 0.870),
they struggle with temporal accuracy, a lower recall, and still a higher amount of false posi-
tives. In the case of high-precision gradient boosted decision tree models, the MAE model
also achieves better recall, detecting more true positive crossings.

Table 7.2: Model parameters and performance metrics for balanced MAE transformer and gradient boosted
classifier models.

Performance Metric MAE Model Classifier Balanced
Precision 0.912 0.810
F0.5 Score 0.731 0.692
F1 Score 0.564 0.568
Recall 0.408 0.438
True Positives 93 98
False Positives 9 23
False Positive Rate 0.088 0.165
False Negative Rate 0.592 0.623
TP Time Accuracy Mean (min) 7.25 12.59
TP Time Accuracy Std (min) 6.14 7.37

The balanced MAE model maintains strong performance across key metrics when compared
to the balanced classifier. The MAE model achieves significantly higher precision (0.912 vs
0.810) while the classifier achieves slightly better recall (0.438 vs 0.408) at the cost of sig-
nificantly more false positives (23 vs 9). Both models show similar F1 scores, but the MAE
model’s superior temporal accuracy (7.25 vs 12.59 minutes) continues to demonstrate its ad-
vantage in precise crossing detection. Since the precision and F0.5 scores were deemed to
be more important than recall, the MAE model is preferred here as well.
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Table 7.3: Model parameters and performance metrics for higher recall score MAE transformer and gradient
boosted classifier models.

Performance Metric MAE High F0.5 Classifier High Recall
Precision 0.912 0.745
F0.5 Score 0.731 0.676
F1 Score 0.564 0.594
Recall 0.408 0.493
True Positives 93 111
False Positives 9 38
False Positive Rate 0.088 0.255
False Negative Rate 0.592 0.507
TP Time Accuracy Mean (min) 7.25 13.530
TP Time Accuracy Std (min) 6.14 6.720

When evaluating models optimised for higher recall, the MAE transformer model continues
to perform better in most key metrics compared to the gradient boosted classifier. The MAE
model, again, has high precision (0.912 vs 0.745). Although the classifier detects more cross-
ings overall (111 vs 93), this comes at a significant cost of substantially more false positives (38
vs 9), resulting in a much higher false positive rate and lower F0.5 score. The MAE model’s
temporal accuracy advantage remains consistent. While the classifier achieves marginally
better F1 scores, the MAE model’s superior F0.5 score (0.731 vs 0.676) reflects better perfor-
mance when precision is prioritised over recall.

Overall, the MAE transformer model consistently outperforms the gradient boosted classifier
across all evaluated configurations based on the previously determined most important met-
rics. It achieves higher precision, better temporal accuracy, and a more favourable balance
between true positives and false positives. The combination of the MAE architecture and
the ability to interpret reconstruction errors allows for additional optimisation methods, which
proved more effective for the magnetopause crossing detection task than the gradient boosted
decision tree approach.

7.1.3. Requirements Evaluation

The requirements set out in chapter 3 based on the stakeholder analysis are evaluated here
based on the results presented in subsection 7.1.2. Requirements can be found in Appendix B.
The requirements satisfaction is summarised below:

• SR-1 - The system accepts in-situ spacecraft data as input. While the specific data
sources listed in this requirement are not all utilised, using the data flow, it is easy to
train models with the mentioned data sources as well.

• SR-2 - The system automatically preprocesses input data by pulling data from CDAWeb,
cleaning it, normalising it, and creating time-windowed inputs.

• SR-3 - The system outputs timestamps of detected magnetopause crossings within the
input time period. This is done with a precision of several minutes.

• SR-4 - The MAE model can pinpoint each crossing with a maximum error of 20 minutes
97% of the time, assuming a half-normal distribution of timing errors.

• SR-5 - Both classifier and MAE models can process input data for magnetopause cross-
ing detection within 1 hour. Multiple-step models can too, but with lower consistency.
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The classifier inference takes 5 seconds for 1 year of data. MAE model inference takes
20 seconds for 1 year of input data, in the case of 1-timestep models. Multiple-timestep
models take 6 minutes for 1 year of input data.

• SR-6 - The system uses ARTEMIS mission data for training and evaluation.
• SR-7 - The system can output detected crossings in a CSV format, which can be easily
integrated with downstream analysis tools or databases.

• SR-8 - The system provides an interface to ingest input data from the NASA Coordinated
Data Analysis Web (CDAWeb) database, and automatically preprocesses it.

• SR-9 - The system is designed to operate on a single computer equipped with a Ryzen
AI 9 hx 370 and an NVIDIA RTX 4060 laptop GPU.

• SR-10 - The system can process multidimensional time series data, including 1D data,
vector data, and 2D data (spectrograms).

• SR-11 - The MAE model has a precision of 91.2% when evaluated against a labelled
dataset of known magnetopause crossings.

Overall, all requirements are met by the developed system, with the slight exception of SR-1,
where not all data sources are used, but the system is designed to be easily extendable to
include these data sources.

7.2. MAE Prediction Interpretation

To understand how the model makes its predictions, a qualitative feature importance anal-
ysis is performed. This involves examining which input features the model relies on most
heavily when making predictions about magnetotail boundary crossings. Two MAE models
will be analysed. For this, the high F0.5* using ion thermal velocity is used for predictions,
as described in Table 6.5. Other models show very similar behaviour, with models with high
precision setting harsher thresholds for what constitutes a crossing.

The high F0.5* score model’s predictions on a full magnetotail pass of ARTEMIS P1 are shown
in Figure 7.4. The model seems to pick up on several crossings, but also misses some others.
Additionally, some crossings are detected fairly far away from the labelled crossing time.

As seen from Figure 7.4, the model seems to pick up on crossings where there is a clear
change in the spectrogram, ion temperature, density and velocity. Detected crossings are
very close to labelled crossings in these cases, with one exception being the last detected
crossing. To find out what the differences are between detected and missed crossings, a
closer view of some of these crossings is shown in Figure 7.5.
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Figure 7.4: ARTEMIS P1 full pass showing features and detected crossings. The top plot shows the
spectrogram, the following plots show average ion temperature, density and velocity in that order. Detected

crossings are shown as vertical dashed black lines, and labelled crossings as vertical dashed dotted red lines.

Figure 7.5: Close-up of ARTEMIS P1 full pass showing features and detected crossings. The top plot shows the
spectrogram, the following plots show average ion temperature, density and velocity in that order. Detected

crossings are shown as vertical dashed black lines, and labelled crossings as vertical dashed dotted red lines.
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In Figure 7.5, the difference in detected and missed crossings is clearer. Within this snippet,
and in other snippets as well, the model seems to require harsher changes in ion density and
the ion energy flux to detect a crossing. The 2 crossings at around 04:00 are not detected, likely
because the changes in ion density and energy flux are not as pronounced as in crossings
as those at ~5:15 and ~14:30. Additionally, the crossing at ~9:00 is detected slightly earlier
than the labelled crossing. An initial spike in ion density and energy flux is seen at ~8:50 (and
a decrease in ion temperature and velocity), which settles down, to pick up right afterwards.
Since data is window-averaged, this initial spike smoothens with the later increase, and the
model sees a more gradual increase, leading to an earlier crossing detection. This happens
again with the first labelled crossing at ~9:50, where small spikes are smoothed into a more
gradual decrease, which makes the model detect the crossing slightly later than the labelled
crossing. Most notably, the crossing at 10:00 (the second of the two labelled crossings around
that time) is detected significantly later (at ~10:45) than the labelled crossing. Looking at the
spectrogram, ion temperature, density and velocity, this makes a lot of sense. Large changes
occur in all variables, which can be seen very pronouncedly in the spectrogram, which would
constitute a crossing. The labelled crossing is likely slightly inaccurate. Since the detected and
labelled crossings are outside the 30-minute window. This is counted as a false positive and
a false negative, technically reducing reported model performance, even though the model is
likely correct in this case.

Figure 7.6: Close-up of ARTEMIS P1 full pass showing features and detected crossings. The top plot shows the
spectrogram, the following plots show average ion temperature, density and velocity in that order. Detected

crossings are shown as vertical dashed black lines, and labelled crossings as vertical dashed dotted red lines.

Something similar happens within this snippet towards the final magnetotail exit at 28/04/13
00:00. The zoom in can be seen in Figure 7.6. Here, a significant amount of crossings are
not detected, and the final crossing is detected more than half an hour later than the labelled
crossing. In this figure, it is important to note the difference in value scale compared to Fig-
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ure 7.5. The ion density, velocity and temperature are all significantly lower. Many labelled
crossings occur at comparatively small changes compared to the other zoomed-in snippet.
The model needs more pronounced changes to detect a crossing, and thus misses many of
these crossings. However, across both zoomed-in snippets, the model seems consistent with
what plasma property values constitute a crossing, showing that the model is robust in this
regard. This is slightly less so in the labelled dataset. One very important note to make is
that the labelled dataset was created at a higher sampling rate for scalar data, and some-
times spectrogram data as well. This means some changes might not be as pronounced in
the 10-minute sampled data, leading to missed crossings or crossings occurring at different
times. The used raw data (before model pre-processing steps) were always averaged across
the samples within each 10-minute window, which can lead to some changes being smoothed
out. This is especially true for entry and exit crossings closely spaced in time. A lot of entry
and exit crossings are labelled within 5-10 minutes of each other, and are not detected. 2 in-
stances can be seen in Figure 7.6 at around 21:00 and 22:00, likely caused by the resampling
effect, and pre-processing averaging. These trends were also observed in other magnetotail
passes and with the other MAE models.

7.2.1. Model Limitations

Several limitations have been identified in the model performance and evaluation process:

Labelled Data Quality: The labelled dataset used for training can contain inaccuracies due
to manual identification of crossings. Some labelled crossings may not perfectly align with the
actual crossing times, making the evaluation of model performance less precise.

Sensitivity Requirements: The models require pronounced changes in plasma properties to
detect boundary crossings. This means they may miss more subtle in-and-out crossings, or
identify crossings later or earlier than they actually occur.

Temporal Resolution Challenges: Due to the 10-minute sampling resolution of the input
data, an inherent temporal accuracy limitation exists. Specifically, closely spaced crossings
within 5-10 minutes are very difficult to detect.

Data Processing Trade-offs: Pre-processing averaging helps to reduce the amount of false
positives and increase accuracy, but similarly to the temporal resolution limits, it can cause
closely spaced crossings to be missed, and smooth out some crossings.

Coverage Limitations: The lower recall rates needed to achieve high precision indicate that
the models do not capture all magnetopause crossings. This trade-off between precision and
recall means that models may limit the completeness of the crossing dataset.

Data Availability: The models require consistent data coverage across all the variables used.
If gaps exist in some variables, no crossings can be detected during these periods.

7.3. Magnetopause Boundary Crossing Spatial Distribution

The following spatial validation analyses are not performed using the MAE model presented
in subsection 7.1.2, but rather the high F0.5* score model using ion thermal velocity, taken
from Table 6.5. Due to the larger quantity of false positives in the high F0.5* score model,
outliers are easier to spot and investigate. This gives more insight into the model behaviour.
The spatial distribution is shown later with the MAE model presented in subsection 7.1.2 for
comparison.
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7.3.1. High F0.5* Score Model Spatial Validation

To validate the physical plausibility of the detected magnetopause boundary crossings, the
spatial distribution of these crossings is analysed and compared to the labelled crossings dur-
ing the same time period. For this, the high F0.5 score model using thermal velocity is used.
Mostly because it was quicker to assign crossings, and some interesting findings came out of
this. The locations of the detected crossings are additionally compared against established
models of the magnetopause boundary, such as the Shue et al. (1998, [70]) model, which pro-
vides a theoretical framework for the expected shape and position of the magnetopause based
on solar wind conditions like dynamic pressure and the Z-axis component of the magnetic field
strength.

Figure 7.7: 3 Dimensional plot showing the spatial distribution of detected magnetopause crossings (red points)
and labelled crossings (blue points) in relation to the Shue et al. (1998, [70]) magnetopause model (grey surface).
The Earth is represented by the green sphere at the centre. The plot is in the Geocentric Solar Magnetospheric

(GSM) coordinate system, with the Sun located along the positive X-axis.

Figure 7.7 shows the 3-dimensional spatial distribution of detected and labelledmagnetopause
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crossings in relation to the Shue et al. (1998) magnetopause model. The detected crossings
(red points) are generally clustered around the theoretical magnetopause boundary (grey sur-
face), indicating that the model is effectively identifying crossings in physically plausible loca-
tions. However, some detected crossings are located further away from the model boundary,
to the right of the figure. These will be investigated further in subsection 7.3.3.

Figure 7.8: 2 Dimensional plot showing the spatial distribution in the X-Z plane of detected magnetopause
crossings (red points) and labelled crossings (blue points) in relation to the Shue et al. (1998, [70])

magnetopause model (black line). The Earth is represented by the green circle at the centre. The plot is in the
Geocentric Solar Ecliptic (GSM) coordinate system, with the Sun located along the positive X-axis.

Both Figure 7.8 and Figure 7.9 show 2-dimensional projections of the spatial distribution of
detected and labelled magnetopause crossings in relation to the Shue et al. (1998) magne-
topause model. Again, the detected crossings (red points) are generally clustered around
the theoretical magnetopause boundary (black line). The outliers can be easily spotted here,
specifically apparent in the X-Y plane at near 40 and -40 RE on the Y-axis. Both 2D plots
show how most detected crossings are located very close to labelled crossings, often coincid-
ing with them. Some detected crossings near -10RE on the Y-axis are also quite far away from
labelled crossings, but still in plausible Y-axis coordinates. Further investigation is performed
in subsection 7.3.3 to find out why these false positives/outliers occur.
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Figure 7.9: 2 Dimensional plot showing the spatial distribution in the X-Y plane of detected magnetopause
crossings (red points) and labelled crossings (blue points) in relation to the Shue et al. (1998) magnetopause

model (black line). The Earth is represented by the green circle at the centre. The plot is in the Geocentric Solar
Ecliptic (GSM) coordinate system, with the Sun located along the positive X-axis.

7.3.2. MAE Model Spatial Validation

The spatial distribution of the main MAE model (using ion velocity and the X-component of
the magnetic field) is very similar to the High F0.5* score model, with most detected crossings
being located close to the labelled crossings and the Shue et al. (1998) magnetopause model.
The results can be seen in Figure 7.10 and Figure 7.11. However, the extreme outliers seen
in Figure 7.9 are not present here.
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Figure 7.10: 2 Dimensional plot showing the spatial distribution of detected magnetopause crossings (red points)
and labelled crossings (blue points) in relation to the Shue et al. (1998) magnetopause model (grey surface) on
the X-Y plane. The Earth is represented by the green sphere at the centre. The plot is in the Geocentric Solar

Ecliptic (GSM) coordinate system, with the Sun located along the positive X-axis.

When comparing Figure 7.11 to Figure 7.8, the spatial distribution is very similar, and the
detected crossings of one model tend to coincide with the other.

Figure 7.11: 2 Dimensional plot showing the spatial distribution of detected magnetopause crossings (red points)
and labelled crossings (blue points) in relation to the Shue et al. (1998) magnetopause model (grey surface) on
the X-Z plane. The Earth is represented by the green sphere at the centre. The plot is in the Geocentric Solar

Ecliptic (GSM) coordinate system, with the Sun located along the positive X-axis.

Overall, the spatial validation shows that both models are effective at detecting magnetopause
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crossings in physically plausible locations, generally aligning well with established magne-
topause models and labelled crossing data. When using the additional inhibition methods,
a model aimed at high precision, extreme outliers are largely avoided compared to the high
F0.5* score model.

7.3.3. Outlier Analysis

The outliers seen in the High F0.5* score model are used here, since they show the most
extreme outliers. These false positives offer a chance to investigate what plasma conditions
can lead to false detections, and what these events with similar plasma conditions are.

The first outliers to be discussed are the ones seen in Figure 7.9, at around -35 Re on the
Y-axis. These ”crossings” are detected at 26/06/2013 8:10 and 26/06/2013 8:25, very close
to each other. Spectrogram, ion properties and GSM magnetic field data can be seen in Fig-
ure 7.12. In Figure 7.12, typical signatures of a magnetopause crossing are present in all used
variables for the model. The magnetic field properties do show some special behaviour. The
Bx component shows an initial decrease followed by a sharp increase, to settle back down.
TheBy component shows this same pattern, just slightly shifted in time. Since the crossing oc-
curs far from other crossings during this pass, and from the expected magnetopause location,
other causes should be considered.

Figure 7.12: ARTEMIS P1 data showing features around the outlier crossings at 26/06/2013 8:10 and
26/06/2013 8:25. The top plot shows the spectrogram, the following plots show average ion temperature, density
and velocity in that order. The final plot shows the magnetic field in GSM coordinates (Bx, By, Bz). Detected

crossings are shown as vertical dashed black lines.

A more detailed view of the ion density and magnetic field can be seen in Figure 7.13, where
data at a higher resolution is used. Both Bx and By show a bipolar signature, fluctuating
in a sinusoidal manner, while Bz stays mostly constant. The magnetic field magnitude also
shows a clear increase between the detected ”crossings”. During this, a strong decrease in
ion density is seen as well. These sudden changes are often seen in ARTEMIS data when
the spacecraft crosses the lunar wake [74]. The lunar wake is a plasma void created on
the nightside of the Moon as it obstructs the solar wind flow. As ARTEMIS crosses into and
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out of this wake region, it encounters abrupt changes in plasma density and magnetic field
characteristics, which can mimic magnetopause crossing signatures. This explains why the
model detected these outliers as magnetopause crossings, despite their location being far
from the expected magnetopause boundary.

Figure 7.13: Close-up of ARTEMIS P1 data showing ion density and magnetic field around the outlier crossings
at 26/06/2013 8:10 and 26/06/2013 8:25 at high resolution. The top plot shows the magnetic field in GSM

coordinates (Bx, By, Bz), the middle plot shows magnetic field magnitude, and the bottom shows average ion
density.

Nevertheless, the magnetic field properties in this wake seem interesting. A maximum vari-
ance analysis (MVA) was performed on the magnetic field data around the crossing to deter-
mine the ’shape’ of the magnetic structure. The MVA analysis changes the coordinate system
of themagnetic field data to a new system defined by themaximum, intermediate andminimum
variance directions of the magnetic field. The minimum variance direction is often interpreted
as the normal direction of a current sheet or boundary layer. The MVA results can be seen in
Figure 7.15 and Figure 7.14.

The BL and BM components in Figure 7.14 show the magnetic field components in the max-
imum and intermediate variance directions, respectively. Around the time of the crossing,
shown by the red dots in Figure 7.14, a strong rotation in the BL and BM components is seen.
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Figure 7.14: BL and BM components from MVA analysis for the outlier crossing at 26/06/2013 8:10 and
26/06/2013 8:25. A colorscale is used to show the time progression.

The Bn component in Figure 7.15 shows the magnetic field component in this minimum vari-
ance direction. It stays mostly constant around zero, fluctuating slightly. The fluctuation is
stronger at the start, around 8:05, where some stronger instability in the magnetic field com-
ponents is observed. Afterwards, the Bn stabilises close to zero, ticking -1 to 1 nT .

Figure 7.15: Bn component from MVA analysis for the outlier crossing at 26/06/2013 8:10 and 26/06/2013 8:25.

To prevent lunar wake crossings from being detected as magnetopause crossings, a post-
processing step is added to check spacecraft coordinates against the Moon’s position in the
HEE (heliocentric Earth ecliptic) coordinate system with respect to the solar wind. If the space-
craft is in the lunar wake region, here defined by being behind the moon from the solar wind’s
perspective with a 10% margin added to the lunar radius, detected crossings are discarded.

Another outlier within the validation set is within the magnetotail at 0 Re on the Z-axis, and
around -10 Re on the Y-axis. Similarly to the previous outlier, two crossings are detected
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closely in time, at 26/05/2013 01:09 and 26/05/2013 01:19. These can be seen in Figure 7.16.
Again, typical signatures of a magnetopause crossing are present in all the variables used for
the model.

Figure 7.16: ARTEMIS P1 data showing features around the outlier crossings at 26/05/2013 01:09 and
26/05/2013 01:19. The top plot shows the spectrogram, the following plots show average ion temperature,
density and velocity in that order. The final plot shows the magnetic field in GSM coordinates (Bx, By, Bz).

Detected crossings are shown as vertical dashed black lines.

To see whether these detected crossings are indeed actual crossings, a more detailed view of
the ion density, magnetic field and ion velocity is taken in Figure 7.17. Most parameters show
typical signatures of a magnetopause crossing, higher ion density, lower ion temperature and
velocity. However, ion velocities in the negative X direction, while also a sign of magnetosheath
plasma, can be caused by another phenomenon within the magnetotail.
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Figure 7.17: ARTEMIS P1 data showing features around the outlier crossings at 26/05/2013 01:09 and
26/05/2013 01:19. The top plot shows magnetic field in GSM coordinates (Bx, By, Bz), with the one below

showing magnetic field magnitude. The middle plot shows average ion density. The second-to-last plot shows
ion temperature, and the bottom plot shows ion velocity in the X direction (no higher sampling rate available for

this time range).

Since the detected crossing is close to 0RE on the Z-axis, it will likely be close to the plasma
and current sheet. Bursty bulk flows (BBFs) are fast, transient flows within the magnetotail
plasma sheet, directed earthward or tailward along theX-axis [51]. They are often associated
with magnetic reconnection events in the magnetotail and can lead to significant changes in
plasma properties, including ion velocity, density, and temperature [43]. Typical indicators of
BBFs are a high velocity along the X-axis, which is seen from 1:00 to 1:30, making it a tail-
ward BBF candidate, an increase in density, also seen in this timeframe, and more unstable
magnetic fields [62]. However, care should be taken, as the magnetosheath also commonly
has high velocities on the X-axis, with a higher density. A key discriminator between a mag-
netopause crossing and a BBF is the magnetic field behaviour. In a magnetopause crossing,
a significant change in the magnetic field direction and magnitude is expected; more specif-
ically, the X-axis component is very pronounced within the magnetotail. As can be seen
in Figure 7.17, the magnetic field still shows a strong Bx component during a very unstable
magnetic field. Notably, just before the highest density increases, a small bump in density
accompanied by a positive Vx might indicate an occurring earthward BBF. This is plausible as
discussed by Chong et al. (2021, [14]). This indicates that the detected crossings are likely not
magnetopause crossings, but rather detected bursty bulk flows within the magnetotail plasma
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sheet. Furthermore, geomagnetic storm activity during this time period was high, with geo-
magnetic storms occuring on 25/05/2013 [56].

7.4. Detection of Non-Labelled Time Range Crossings

Now that the model has been validated against labelled data, it can be used to detect mag-
netopause crossings in unlabelled data. For this, the main MAE model is used. The model is
applied to all ARTEMIS P1 and P2 data from 2013-07 until 2025-09, and the spatial distribu-
tion of detected crossings is analysed. In total, 3072 crossings were detected by the model,
1476 for ARTEMIS P1, and 1596 for ARTEMIS P2. The results can be seen in Figure 7.18
and Figure 7.19. Here, the crossings are binned into a 2D histogram with a bin size of 2 RE

in both directions, and the colour indicates the number of crossings detected within each bin.
The Shue et al. (1998, [70]) magnetopause model is again shown for reference.

Figure 7.18: 2 Dimensional histogram showing the spatial distribution in the X-Z plane of detected
magnetopause crossings from 2013-07 to 2025-08 in relation to the Shue et al. (1998, [70]) magnetopause

model (black line). The plot is in the Geocentric Solar Ecliptic (GSE) coordinate system.

An immediate observation one can make from Figure 7.18 and Figure 7.19 is that the density
of crossigns is very high close to the expected magnetopause location, and decreases further
away from it. Additionally, a shift towards the positive Y-axis is seen, which is expected due to
the aberration effect caused by Earth’s orbital motion around the Sun. Some outliers are also
present further from the expected magnetopause location in small amounts.
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Figure 7.19: 2 Dimensional histogram showing the spatial distribution in the X-Y plane of detected
magnetopause crossings from 2013-07 to 2025-08 in relation to the Shue et al. (1998, [70]) magnetopause

model (black line). The plot is in the Geocentric Solar Ecliptic (GSE) coordinate system.

To correct for both Earth’s orbital motion around the Sun, the solar wind aberration, and Earth’s
dipole direction, a correction to the aberrated Solar Wind corrected Geocentric Solar Magne-
tospheric (aSWGSM) coordinate system is performed. The solar wind data was taken from
the OMNI database [53]. The correction was performed on each crossing separately. First,
the solar wind velocity vector from 15 minutes before the crossing is taken. Depending on that
velocity, the time delay caused by solar wind travel time from the bow shock to the crossings’
location is calculated. Using that time, data from the OMNI database is averaged from an hour
before the crossing to the calculated time. This average solar wind velocity vector is then used
to calculate the aberration angle, which is then used to rotate the crossing’s coordinates into
the aSWGSM coordinate system. The coordinate transformation is described in Appendix C.

The spatial distribution can be seen in Figure 7.20. Here, the shift towards the positive Y-axis is
no longer present, and the distribution is more symmetric around the expected magnetopause
location. The bulk of crossings is more densely packed around the expected magnetopause
location, with fewer outliers further away from it.
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Figure 7.20: 2 Dimensional histogram showing the spatial distribution in the X-Y plane of detected
magnetopause crossings from 2013-07 to 2025-08 in relation to the Shue et al. (1998, [70]) magnetopause
model (black line). The plot is in the aberration Solar Wind corrected Geocentric Solar Magnetospheric

(aSWGSM) coordinate system.

After the removal of outliers, as described in section 7.5, the spatial distribution can be seen
in Figure 7.21 and Figure 7.22. Here, the outliers further from the expected magnetopause
location are significantly reduced.
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Figure 7.21: 2 Dimensional histogram showing the spatial distribution in the X-Y plane of detected
magnetopause crossings from 2013-07 to 2025-08 in relation to the Shue et al. (1998, [70]) magnetopause
model (black line). The plot is in the aberration Solar Wind corrected Geocentric Solar Magnetospheric

(aSWGSM) coordinate system. Outliers are removed.

Figure 7.22: 2 Dimensional histogram showing the spatial distribution in the X-Z plane of detected
magnetopause crossings from 2013-07 to 2025-08 in relation to the Shue et al. (1998, [70]) magnetopause
model (black line). The plot is in the aberration Solar Wind corrected Geocentric Solar Magnetospheric

(aSWGSM) coordinate system. Outliers are removed.
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From Figure 7.22, it can also be observed that the distribution of detected crossings is signifi-
cantly more spread out along the Z-axis in the aSWGSM coordinate system, compared to the
uncorrected GSE coordinate system in Figure 7.18. Earth’s dipole tilt causes spreading out
as it can rotate the GSE coordinate system about the X-axis by up to 33 degrees, depending
on the time of year and day Kubyshkina et al. (2015, [33]).

7.4.1. Spatial Distribution Over Time and Solar Cycle

The spatial distribution can also be plotted over time to see if any general trends can be ob-
served. This is done for the main MAE transformer model. The distance from the aSWGSM
X-axis to each detected crossing is calculated, and the yearly average distance is plotted over
time. The distribution does not contain outliers as they were previously identified and thus
uses the crossing distribution seen in Figure 7.22. Solar cycle 24’s maximum occurred in April
2014, and the subsequent minimum in December 2019 [72]. Figure 7.23, seems to suggest
that the magnetopause at lunar-distance is anti-correlated with the solar cycle, with the mag-
netopause at lunar-distance being further away from Earth during solar minimum, and closer
during solar maximum.

Figure 7.23 also shows the predicted magnetopause standoff distance from the Shue et al.
(1998, [70]) model, using average solar wind dynamic pressure and IMF Bz for each year,
taken from the OMNI database [52]. The model was used at a distance of -54 Re along the
aSWGSM X-axis, which corresponds with the average distance of magnetopause crossings
along this axis from Earth. The predicted magnetopause standoff distance is also calculated
based on the solar wind dynamic pressure, from an hour before to the moment of each de-
tected crossing, also taken from the OMNI database [53]. This resulted in a better match to
the detected crossings.

Figure 7.23: The yearly average radius from the aSWGSM X-axis to the detected magnetopause crossings from
2013-07 to 2025-08. The top plot shows the radius with standard deviation. The bottom plot shows the same

data without standard deviation, and compared to the yearly average predicted magnetopause standoff distance
from the Shue et al. (1998, [70]) model based on average solar wind dynamic pressure (overall yearly and

ARTEMIS average) and IMF Bz for each year.



7.5. Outlier Analysis of Detected Crossings 89

Table 7.4 shows the yearly statistics of the detected crossings used in Figure 7.23, including
mean radius from the aSWGSM X-axis, standard deviation and crossing count per year.

The yearly distribution for Figure 7.23 can be seen in Table 7.4.

Table 7.4: Yearly Statistics

Year Mean Radius [Re] Std [Re] Crossing Count
2014 24.67 3.21 235
2015 24.16 3.13 299
2016 25.43 2.89 221
2017 25.18 3.29 287
2018 25.38 2.60 212
2019 25.35 3.02 249
2020 26.51 2.96 254
2021 25.59 3.09 261
2022 24.93 3.68 237
2023 25.36 3.30 222
2024 24.42 2.95 174
2025 24.44 3.28 150

Figure 7.23 matches the Shue et al. (1998, [70]) model in trend quite well, but the average
radius is typically about half an Earth radius lower, and the solar minima seem to be more
exaggerated. The standard deviation of the yearly average distance is also quite high, indicat-
ing a large spread in detected crossings. The magnetotail is a highly dynamic region, and the
magnetopause location can vary significantly and quickly due to changes in solar wind condi-
tions. Additionally, other events, like CMEs and geomagnetic storms, as will be discussed in
section 7.5, can also influence the detected crossings, and thus the yearly average distance.
This is partially mitigated in the plots seen here, as strong outliers have been removed.

7.5. Outlier Analysis of Detected Crossings

To find outliers of the analysis, the average distance in Earth radii to the X-axis of the aSWGSM
coordinate system is calculated. Crossings are considered outliers when they are further than
two standard deviations from the mean. The mean was calculated to be 25.22 Re and the
standard deviation 3.96 Re across all years of data.

The outward outliers (outliers that are exceptionally far in the usual magnetosheath region)
can be seen in Figure 7.24. The figure also shows the sunspot number across the years.
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Figure 7.24: Outward outliers and sunspot number per month from 2013-08 until 2025-08.

Outward outliers are fairly rare, with mostly only a couple every year, with two exceptions. In
2017 and 2022, a large number of outliers were concentrated in a single month, 15 and 12,
respectively. The outliers do not seem to follow a clear pattern compared to the solar cycle.

In 2017, a large number of outward outliers occurred around September 8th and 9th. This
corresponds to the Coronal Mass Ejection hitting Earth’s magnetic field caused by an X9 solar
flare [56]. Figure 7.25 shows the data during that month.
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Figure 7.25: Outward outliers from September 2017.

Here, the spacecraft exits the magnetotail for the first time around midnight between the 6th
and 7th of November. This first exit is detected due to a large increase in density, velocity
and ion energy flux. Afterwards, the spacecraft enters and exits the magnetotail a few more
times. Deep into the usual magnetosheath, at the end of the 8th of September, the ion density
and energy flux levels drop significantly, way lower than usual levels in the magnetosheath.
Furthermore, themagnetic field vector and the plasmamoments data correspond with patterns
of CMEs hitting as discussed in Werner et al. (2019, [79]). In Werner et al. (2019, [79]), the
same drop in density is seen from the Wind spacecraft, attributed to the wake of the CME [80].
This significant drop in energy flux and density mimics plasma moment patterns seen in the
magnetotail.

In 2022, most outward outliers occurred in July. Similar to what happened in 2017, the first
initial exit is followed by a lot more entries and exits. During these exits and entries, proton
density and energy flux stay relatively low, and proton velocity fluctuates heavily. The strong
difference with usual magnetosheath values can be seen when comparing these values with
data on the right-hand side of the plot.
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Figure 7.26: Outward outliers from July 2022.

These observations of deviating plasma moments from usual magnetosheath conditions could
be explained by Figure 7.27. During themagnetotail pass from July 2022, the solar wind proton
density heavily decreased, similarly to the wake of the CME from 2017, likely causing the false
positives. This was also seen in data by the L1 Lagrange-point-based spacecrafts ([41, 50]).

Figure 7.27: Proton density as measured by the Wind spacecraft from July 12th to July 19th 2022 [50].
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The strong solar wind density decreases have previously been related to magnetosphere ex-
pansion, possibly explaining the extreme outlier detection [28].

The inward outliers (outliers that are exceptionally far in the usual magnetotail region) can be
seen in Figure 7.28

Figure 7.28: Outward outliers and sunspot number per month from 2013-08 until 2025-08.

These follow a path more aligned with the solar cycle. In the stretch of lowest solar cycle
activity, from 2018 to 2021, only three inward outliers were detected. During the peaks of
solar cycles 24 and 25, the amount per year is significantly higher. One standout inward outlier
period is February 2014. Here, 12 inward outliers were detected. Most of these (9 out of 12)
occurred on February 15th. This corresponds to a strong solar wind pressure increase caused
by a CME hitting Earth’s magnetic field at 13:00 UT [56]. High solar wind pressure is known
to compress the magnetosphere, causing more inward magnetopause crossing detections.
Additionally, strong CMEs can cause injections of high-density plasma into the plasma sheet
[12]. This can cause false positive detections of magnetopause crossings, as the model puts
high importance on ion density and ion energy flux.
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Figure 7.29: Inward outliers from February 2014 data.

Figure 7.29 shows the plasma moments and magnetic field data from this period. The first
nine detected crossings were outliers, being detected at a radius from 10 to 15 Re from the
aSWGSM X-axis. During these crossings, ion density and ion energy flux are significantly
higher than usual magnetotail values, mimicking magnetosheath plasma. The initial two cross-
ings show amagnetic field reversal, from positive to negativeBx, indicating a possible crossing
of the current sheet, and not a magnetopause crossing. However, the following crossings do
not show this clear field reversal, and it is harder to attribute them to specific phenomena. Still,
the elevated ion density and energy flux are likely caused by a combination of the compressed
magnetosphere and injections of plasma into the plasma sheet caused by the CME.

The strongest inward outliers were detected on March 25th 2024. Here, 2 outliers at a radius
of less than 5Re from the aSWGSM X-axis were detected. These correspond with a CME that
struck Earth’s magnetic field on March 24th 2024, opening a crack in Earth’s magnetosphere,
causing the strongest geomagnetic storm since September 2017 [56].
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Figure 7.30: Inward outliers from March 2024 data.

At the two detected crossings’ times, ion density and ion energy flux are again significantly
higher than usual magnetotail values, mimicking magnetosheath plasma. Ion velocity also
increases significantly, reaching values of up to 500 km/s, more typical for magnetosheath
plasma. Some earlier spikes are also seen, but are likely not detected due to their shorter
duration.

With most of the extreme outliers discussed, the overall distribution of distances from the
aSWGSM X-axis for all detected crossings can be seen in Figure 7.31. Here, the logarithm
of the solar wind dynamic pressure from the OMNI database is used as the X-axis [53]. A
clear trend is seen, with higher solar wind dynamic pressures causing the magnetopause to
be closer to Earth, and thus detected crossings being closer to the aSWGSM X-axis. Four
events are also marked, corresponding to the strong CME events discussed earlier, showing
their position in the distribution. The solar wind dynamic pressures are found by taking the
average value of the hour before the detected crossings from the OMNI database. The OMNI
database solar wind variables are time shifted to the bow shock nose, and the solar wind
typically propagates to the magnetotail in around 20 minutes at a velocity of 400 km/s [17].
This makes the one-hour average a reasonable approximation.

The September 2017 CME crossings on the plot do not reflect accurate solar wind conditions,
as they used daily averages for solar wind dynamic pressure, due to missing data at the times
of the crossings, making them appear at much higher solar wind dynamic pressures than they
actually were. Nevertheless, the other three events fit well within the overall trend.
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Figure 7.31: Distribution of distances from aSWGSM X-axis for detected crossings from 2013-07 to 2025-08,
compared to the logarithm of the solar wind dynamic pressure from the OMNI database [53].

The overall trend seen in Figure 7.31 matches well with expectations, as higher solar wind
dynamic pressures compress the magnetosphere. From the data shown in Figure 7.31, a
correlation coefficient of -0.570 is calculated between the logarithm of the solar wind dynamic
pressure and radius of crossings, showing a moderately strong negative correlation between
solar wind dynamic pressure and distance from the aSWGSM X-axis to detected crossings.

7.6. Summary and Conclusion

This chapter has presented a comprehensive evaluation of theMAE transformer for automated
magnetopause crossing detection. The MAE transformer outperformed gradient boosted clas-
sifiers, specifically in terms of precision and temporal accuracy, demonstrating its effectiveness
in identifying true magnetopause crossings while minimising false positives.

Spatial validation showed that most detected crossings match well with established magne-
topause models and labelled data. Most outliers are likely caused by real physical events,
such as coronal mass ejections and geomagnetic storms. The application of the model to
unlabelled data produced physically plausible results.

The spatial analysis showed that the average magnetopause distance at lunar orbit is larger
during solar minimum and smaller during solar maximum, matching trends from the Shue et
al. (1998, [70]) model for yearly averaged solar wind conditions. A more detailed analysis ac-
counting for spacecraft orbit and exacter solar wind conditions could refine this finding further.

Overall, the results demonstrate the capability of machine learning models to effectively detect
magnetopause crossings in spacecraft data at a large scale, detecting around 3000 crossings
from 10 years of ARTEMIS data.



8
Conclusion and Future Work

This chapter summarises the key findings of the thesis, answers the research questions, and
discusses the limitations and directions for future work.

8.1. Conclusion

This thesis set out to design and evaluate automatic machine learning methods for detect-
ing magnetopause crossings in spacecraft data at lunar distance, and perform a preliminary
analysis on the results. The main motivation was based on the need for automated meth-
ods to handle the large volumes of data being collected, detect crossings accurately, and the
scientific interest in studying the magnetopause dynamics at lunar distance.

Two models were developed with this goal in mind. The first was a gradient boosted deci-
sion tree (GBDT) that used spectrogram statistics and plasma moments. This provided a
good baseline. The second was a masked autoencoder (MAE) transformer. This model used
reconstruction-based crossing detection on spectrogram energy flux data and other plasma
moments, allowing it to analyse more complex parts of the data.

The results show that both approaches can detect magnetopause crossings effectively. The
GBDT baseline achieved good precision at moderate recall rates, while the MAE transformer,
using a gate thresholding method, achieved even higher precision and better temporal accu-
racy, while maintaining similar recall rates. In total, around 3000 crossings were detected from
2013-08 to 2025-08 in ARTEMIS P1 and P2 data. The spatial distribution of these crossings
matched well with empirical magnetopause models, validating the detection methods. Outliers
were shown to be caused by solar and geomagnetic activity.

8.2. Answers to the Research Questions

MRQ: How can machine learning be used to detect magnetopause crossings at lunar
distance? Machine learning can be used to detect magnetopause crossings by using the dif-
ferences between plasma and magnetic field properties on either side of the magnetopause.
By training models on labelled data, machine learning algorithms can learn to identify the char-
acteristic signatures of these crossings, such as changes in ion energy flux and density. Both
the GBDT and MAE transformer models developed in this thesis demonstrated that machine
learning can effectively identify these transitions with high precision and temporal accuracy,

97



8.2. Answers to the Research Questions 98

enabling automated detection of magnetopause crossings in large datasets. This confirms the
hypothesis stated in subsection 3.3.1.

SRQ-1: What preprocessing steps are required to convert raw or region-labelled space-
craft data into a form suitable for boundary crossing detection using machine learning
models?
Key steps include cleaning data, normalising features, and creating time-windowed inputs.
Spectrograms and plasma moments were good features. This process is discussed in sec-
tion 5.2

SRQ-2: What performance metrics best capture the performance of the magnetopause
crossing detection?
Precision, recall, F-scores, and temporal error metrics captured different parts of performance
well. Due to the importance of avoiding false positives in this application, precision had a
high priority. Due to this, F0.5 was particularly useful to emphasise precision while keeping a
moderate recall.

SRQ-3: How can a magnetopause crossing ML model be evaluated and verified with
little verification data?
Validation was achieved with cross-validation, consistency checks against empirical models,
and sensitivity studies of preprocessing and post-processing choices.

SRQ-4: How do different machine learning models, and more traditional methods, com-
pare for magnetopause crossing detection
Many models were considered. The MAE Transformer was chosen due to its high perfor-
mance in similar tasks, its resistance against long-term distribution shifts in plasma data, and
its possibility to train in a self-supervisedmanner. Compared to the other developedmodel, the
GBDT, it offered better precision, F0.5 score, and better temporal accuracy when validating
against labelled data.

SRQ-5: What patterns do machine learning models detect in the data to identify mag-
netopause crossings?
Transitions in ion energy flux and ion density showed to strongest correlation to detected cross-
ings based on a qualitative assessment. These features showed clear changes at the crossing
times, with both energy flux and density dropping when crossing from the magnetosheath to
the magnetosphere, and increasing when crossing back.

SRQ-6: What patterns can be found in the detected crossings using the machine learn-
ing model, and how does it compare to the solar cycle?
Detected crossings are close to empirical predictions of the magnetopause location based
on solar wind conditions. The yearly average radius of detected crossings follows the solar
cycle, with a higher radius during solar minimum and a lower radius during solar maximum.
This trend is more accurate when taking into account upstream solar wind conditions. Inward
outliers are more common during solar maximum, and less common during solar minimum,
while outward outliers’ occurrence seems more affected by other phenomena. Within the mag-
netopause crossings, a strong correlation is observed between solar wind dynamic pressure
and the average radius from the aSWGSM x-axis of the detected crossings, consistent with
established magnetospheric physics.

SRQ-7: What are outliers (if any) in the detected crossings caused by?
Outliers are often caused by solar events influencing the magnetosphere, such as CMEs or
extremely low solar wind pressure. These events can either cause the magnetopause to
move significantly inward or outward, leading to crossings that deviate from typical locations,
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or they can create similar plasma conditions within themagnetosheath or magnetosphere (e.g.,
increased density and energy flux in the current sheet) that mimic magnetopause crossings,
resulting in false positives.

8.3. Future Work and Recommendations

Several directions for future research follow from this work.

8.3.1. Sophisticated Statistical Analyses

Building further on the analyses done in this study, the dataset could be used to study how the
magnetopause position varies with solar wind conditions precisely, including its variation due
to IMF conditions and geomagnetic activity, by relating the crossing times with upstream solar
wind data and magnetosphere conditions. This could be performed using machine learning
regression methods to predict the magnetopause position based on solar wind parameters,
using the detected crossings as training data.

8.3.2. Event Disambiguation

Detected crossings may include false positives due to geomagnetic activity or other phenom-
ena. Future work could focus on developing methods to disambiguate true magnetopause
crossings from other events in a consistent manner, which could improve both the reliability
of the detection methods and the quality of the resulting analysis.

8.3.3. Operational Applications

This thesis focused on using archived data to detect crossings, but the light computational load
of both models means they could possibly be adopted for real-time applications. This could
be useful to trigger spacecraft instruments to capture high-resolution data during crossings, or
to inform space weather forecasting models.

In summary, this thesis has demonstrated that machine learning methods can detect magne-
topause crossings automatically with decent temporal precision. With further improvements
in validation, statistical analyses, and event disambiguation, these methods can become pow-
erful tools for studying the dynamic magnetotail environment.
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A
Code Availability

The source code used for data preprocessing, model training, and analysis is available on
GitHub: https://github.com/ianmaes/Magnetotail-Boundary-with-ML. Here two demos
are available to illustrate how to use the code for training and inference. One demo covers the
extraction of data from NASA Coordinated Data Analysis Web (2024, [44]) using pyspedas
using custom classes defined in the repository, and to use this data for inference using a
pretrained model. The second demo illustrates how to train a new model from scratch using
the provided data preprocessing and model training scripts.
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B
System Requirements

Table B.1: System Requirements

ID Requirement Description
SR-1 The system shall accept in-situ spacecraft data as input, including magnetic field

vector components (Bx, By, Bz), plasma density, plasma temperature, plasma
velocity, ion and electron spectrograms, and spacecraft position, and TBD other
parameters.

SR-2 The system shall automatically preprocess input data to ensure compatibility for
magnetopause crossing detection.

SR-3 The system shall output timestamps of detected magnetopause crossings within
the input time period.

SR-4 The system shall pinpoint each crossing with a maximum error of 20 minutes, 90%
of the time.

SR-5 The system shall process input data for magnetopause crossing detection within
an hour.

SR-6 The system shall be designed to process Earth-based data, specifically focusing
on the ARTEMIS mission dataset.

SR-7 The system shall allow for integration of output data with downstream analysis
tools or databases.

SR-8 The system shall provide an interface to ingest input data from the NASA Coordi-
nated Data Analysis Web (CDAWeb) database and other TBD databases.

SR-9 The system shall be designed to operate on a single computer equipped with mod-
ern GPU and CPU capabilities.

SR-10 The system (specifically, the machine learning model) shall process multidimen-
sional time series data, including 1D and 2D data.

SR-11 The system has a precision of at least 75% when evaluated against a labelled
dataset of known magnetopause crossings, and based on the temperal accuracy
requirement SR-4.
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C
Coordinate Transformation

GSE → aSWGSM coordinate transformation

The transformation from GSE (Geocentric Solar Ecliptic) to aSWGSM (aberrated Solar Wind
Geocentric Solar Magnetospheric) coordinates involves sequential rotations to account for
Earth’s orbital motion and magnetic dipole alignment.

The first step applies an aberration correction to account for the relative motion between Earth
and the solar wind. This aberration effect arises from several sources, including Earth’s orbital
motion around the Sun, but more generally from the velocity difference between the observer
(Earth) and the solar wind frame. The correction involves rotations about both the Y-axis (angle
β, accounting for orbital eccentricity and other velocity components) and Z-axis (angle α, for
the primary aberration effect, typically around 4°):

Raberration =

cos(α) cos(β) − sin(α) cos(α) sin(β)
sin(α) cos(β) cos(α) sin(α) sin(β)
− sin(β) 0 cos(β)

 (C.1)

This transforms the position vector to aberrated coordinates: raSWGSE = RT
aberrationrGSE.

The second step aligns the coordinate system with Earth’s magnetic dipole. We first rotate the
dipole direction vector from GSE to aSWGSE coordinates:

daSWGSE = RT
aberrationdGSE (C.2)

Then project this onto the aSWGSE YZ-plane by setting the X-component to zero dproj =
(0, dy, dz) The rotation angle θ about the X-axis is calculated from the normalised projected
dipole components d̂proj =

dproj
|dproj| :

cos(θ) = d̂z (C.3)
sin(θ) = d̂y (C.4)
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The dipole alignment rotation matrix is:

Rdipole =

1 0 0
0 cos(θ) − sin(θ)
0 sin(θ) cos(θ)

 (C.5)

The complete transformation combines both rotations sequentially:

raSWGSM = RdipoleR
T
aberrationrGSE (C.6)

This process ensures the final aSWGSM coordinate system accounts for both orbital aberra-
tion and time-varying magnetic dipole orientation.
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