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Abstract

The near-Earth space environment is a highly complex system comprised of several regions
and particle populations hazardous to satellite operations. The trapped particles in the radiation
belts and ring current can cause significant damage to satellites during space weather events,
due to deep dielectric and surface charging. Closer to Earth is another important region, the
ionosphere, which delays the propagation of radio signals and can adversely affect navigation
and positioning. In response to fluctuations in solar and geomagnetic activity, both the inner-
magnetospheric and ionospheric populations can undergo drastic and sudden changes within
minutes to hours, which creates a challenge for predicting their behavior. Given the increasing
reliance of our society on satellite technology, improving our understanding and modeling of

these populations is a matter of paramount importance.

In recent years, numerous spacecraft have been launched to study the dynamics of particle
populations in the near-Earth space, transforming it into a data-rich environment. To extract
valuable insights from the abundance of available observations, it is crucial to employ advanced
modeling techniques, and machine learning methods are among the most powerful approaches
available. This dissertation employs long-term satellite observations to analyze the processes that
drive particle dynamics, and builds interdisciplinary links between space physics and machine
learning by developing new state-of-the-art models of the inner-magnetospheric and ionospheric

particle dynamics.

The first aim of this thesis is to investigate the behavior of electrons in Earth’s radiation belts
and ring current. Using ~18 years of electron flux observations from the Global Positioning
System (GPS), we developed the first machine learning model of hundreds-of-keV electron flux
at Medium Earth Orbit (MEO) that is driven solely by solar wind and geomagnetic indices and
does not require auxiliary flux measurements as inputs. We then proceeded to analyze the di-
rectional distributions of electrons, and for the first time, used Fourier sine series to fit electron
pitch angle distributions (PADs) in Earth’s inner magnetosphere. We performed a superposed

epoch analysis of 129 geomagnetic storms during the Van Allen Probes era and demonstrated



Abstract

that electron PADs have a strong energy-dependent response to geomagnetic activity. Addition-
ally, we showed that the solar wind dynamic pressure could be used as a good predictor of the
PAD dynamics. Using the observed dependencies, we created the first PAD model with a contin-
uous dependence on L, magnetic local time (MLT) and activity, and developed two techniques
to reconstruct near-equatorial electron flux observations from low-PA data using this model.

The second objective of this thesis is to develop a novel model of the topside ionosphere. To
achieve this goal, we collected observations from five of the most widely used ionospheric mis-
sions and intercalibrated these data sets. This allowed us to use these data jointly for model devel-
opment, validation, and comparison with other existing empirical models. We demonstrated, for
the first time, that ion density observations by Swarm Langmuir Probes exhibit overestimation
(up to ~ 40 — 50%) at low and mid-latitudes on the night side, and suggested that the influence
of light ions could be a potential cause of this overestimation. To develop the topside model, we
used 19 years of radio occultation (RO) electron density profiles, which were fitted with a Chap-
man function with a linear dependence of scale height on altitude. This approximation yields
4 parameters, namely the peak density and height of the F2-layer and the slope and intercept
of the linear scale height trend, which were modeled using feedforward neural networks (NNs).
The model was extensively validated against both RO and in-situ observations and was found to
outperform the International Reference Ionosphere (IRI) model by up to an order of magnitude.
Our analysis showed that the most substantial deviations of the IRI model from the data occur at
altitudes of 100-200 km above the F2-layer peak. The developed NN-based ionospheric model
reproduces the effects of various physical mechanisms observed in the topside ionosphere and
provides highly accurate electron density predictions.

This dissertation provides an extensive study of geospace dynamics, and the main results of
this work contribute to the improvement of models of plasma populations in the near-Earth space

environment.

Keywords: Ionosphere; empirical modeling; gradient boosting; machine learning; neural net-

works; radiation belts; ring current; space physics.
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Zusammenfassung

Die erdnahe Weltraumumgebung ist ein hochkomplexes System, das aus mehreren Regionen
und Partikelpopulationen besteht, die fiir den Satellitenbetrieb gefihrlich sind. Die in den Strah-
lungsgiirteln und dem Ringstrom gefangenen Teilchen konnen bei Weltraumwetterereignissen
aufgrund der tiefen dielektrischen und oberfldchlichen Aufladung erhebliche Schiden an Satel-
liten verursachen. Niher an der Erde liegt eine weitere wichtige Region, die Ionosphire, die
die Ausbreitung von Funksignalen verzogert und die Navigation und Positionsbestimmung be-
eintridchtigen kann. Als Reaktion auf Fluktuationen der solaren und geomagnetischen Aktivitit
konnen sowohl die Populationen der inneren Magnetosphire als auch der Ionosphére innerhalb
von Minuten bis Stunden drastische und plotzliche Verdnderungen erfahren, was eine Herausfor-
derung fiir die Vorhersage ihres Verhaltens darstellt. Angesichts der zunehmenden Abhéngigkeit
unserer Gesellschaft von der Satellitentechnologie ist ein besseres Verstidndnis und eine bessere

Modellierung dieser Populationen von gréfter Bedeutung.

In den letzten Jahren wurden zahlreiche Raumsonden gestartet, um die Dynamik von Parti-
kelpopulationen im erdnahen Weltraum zu untersuchen, was diesen in eine datenreiche Umge-
bung verwandelt hat. Um aus der Fiille der verfiigbaren Beobachtungen wertvolle Erkenntnisse
zu gewinnen, ist der Einsatz fortschrittlicher Modellierungstechniken unabdingbar, und Metho-
den des maschinellen Lernens gehoren zu den leistungsfahigsten verfiigbaren Ansétzen. Diese
Dissertation nutzt langfristige Satellitenbeobachtungen, um die Prozesse zu analysieren, die die
Teilchendynamik antreiben, und schafft interdisziplindre Verbindungen zwischen Weltraumphy-
sik und maschinellem Lernen, indem sie neue hochmoderne Modelle der innermagnetosphiri-

schen und ionosphirischen Teilchendynamik entwickelt.

Das erste Ziel dieser Arbeit ist es, das Verhalten von Elektronen im Strahlungsgiirtel und
Ringstrom der Erde zu untersuchen. Unter Verwendung von ~18 Jahren Elektronenflussbeob-
achtungen des Global Positioning System (GPS) haben wir das erste maschinelle Lernmodell
des Elektronenflusses im mittleren Erdorbit (MEQO) entwickelt, das ausschlieBlich durch Son-

nenwind und geomagnetische Indizes gesteuert wird und keine zusétzlichen Flussmessungen als
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Eingaben benotigt. Anschlieend analysierten wir die Richtungsverteilungen der Elektronen und
verwendeten zum ersten Mal Fourier-Sinus-Reihen, um die Elektronen-Stellwinkelverteilungen
(PADs) in der inneren Magnetosphire der Erde zu bestimmen. Wir fiihrten eine epocheniibergrei-
fende Analyse von 129 geomagnetischen Stiirmen wihrend der Van-Allen-Sonden-Ara durch
und zeigten, dass die Elektronen-PADs eine starke energieabhéngige Reaktion auf die geoma-
gnetische Aktivitdt haben. Auerdem konnten wir zeigen, dass der dynamische Druck des Son-
nenwindes als guter Pridiktor fiir die PAD-Dynamik verwendet werden kann. Anhand der be-
obachteten Abhédngigkeiten haben wir das erste PAD-Modell mit einer kontinuierlichen Abhin-
gigkeit von L, der magnetischen Ortszeit (MLT) und der Aktivitét erstellt und zwei Techniken
entwickelt, um die Beobachtungen des dquatornahen Elektronenflusses aus Daten mit niedrigem
Luftdruck mit Hilfe dieses Modells zu rekonstruieren.

Das zweite Ziel dieser Arbeit ist die Entwicklung eines neuen Modells der Topside-Ionosphire.
Um dieses Ziel zu erreichen, haben wir Beobachtungen von fiinf der meistgenutzten lonosphi-
renmissionen gesammelt und diese Datensitze interkalibriert. So konnten wir diese Daten ge-
meinsam fiir die Modellentwicklung, die Validierung und den Vergleich mit anderen bestehenden
empirischen Modellen nutzen. Wir haben zum ersten Mal gezeigt, dass die Ionendichtebeobach-
tungen von Swarm-Langmuir-Sonden in niedrigen und mittleren Breiten auf der Nachtseite eine
Uberschitzung (bis zu ~ 40 — 50%) aufweisen, und haben vorgeschlagen, dass der Einfluss
leichter Ionen eine mogliche Ursache fiir diese Uberschiitzung sein konnte. Zur Entwicklung
des Oberseitenmodells wurden 19 Jahre lang Elektronendichteprofile aus der Radio-Okkultation
(RO) verwendet, die mit einer Chapman-Funktion mit einer linearen Abhédngigkeit der Skalenho-
he von der Hohe angepasst wurden. Aus dieser Ndherung ergeben sich 4 Parameter, ndmlich die
Spitzendichte und die Hohe der F2-Schicht sowie die Steigung und der Achsenabschnitt des li-
nearen Trends der Skalenhohe, die mit Hilfe von neuronalen Feedforward-Netzwerken (NN) mo-
delliert wurden. Das Modell wurde sowohl anhand von RO- als auch von In-situ-Beobachtungen
umfassend validiert und iibertrifft das Modell der Internationalen Referenz-lonosphére (IRI). Un-
sere Analyse zeigte, dass die grofften Abweichungen des IRI-Modells von den Daten in Hohen
von 100-200 km iiber der F2-Schichtspitze auftreten. Das entwickelte NN-basierte lonosphéren-

modell reproduziert die Auswirkungen verschiedener physikalischer Mechanismen, die in der



Topside-lonosphire beobachtet werden, und liefert sehr genaue Vorhersagen der Elektronen-
dichte.

Diese Dissertation bietet eine umfassende Untersuchung der Dynamik in der Geosphére, und
die wichtigsten Ergebnisse dieser Arbeit tragen zur Verbesserung der Modelle von Plasmapopu-

lationen in der erdnahen Weltraumumgebung bei.

Schliisselworter: Ionosphire; empirische Modellierung; Gradient Boosting; maschinelles Ler-

nen; neuronale Netze; Strahlungsgiirtel; Ringstrom; Weltraumphysik.
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Introduction

1.1 The magnetic field of the Earth

Many of the phenomena that occur in the near-Earth space environment are possible owing to
the fact that our planet is magnetized. The geomagnetic field can be observed at any point inside
the planet, at the surface and in the near-Earth space, and presents a combination of internal and
external sources [e.g., Olsen and Stolle, 2017]. Internal sources are located within the Earth,
while external sources originate at altitudes generally above ~100 km. Over 95% of the internal
field is attributed to the core field, which is believed to arise from a self-exciting dynamo action
in the fluid outer core [e.g., Merrill and McElhinny, 1983; Gubbins and Herrero-Bervera, 2007].
The resulting field is mostly dipolar and the dipole component is tilted by around 11° from the
rotation axis of the Earth. The second important component of the geomagnetic field (up to
~4% of the total intensity) 1s the crustal field, which arises due to magnetized material in regions
where temperatures are below the Curie temperature. It can make a significant contribution
to local measurements of the magnetic field at the ground, and has been mapped by a variety of
marine, aeromagnetic and ground-based campaigns. The external magnetic fields can be induced
by electric fields in the Earth’s ionosphere and magnetosphere. The geomagnetic field can exhibit
changes over a range of timescales [e.g., Constable, 2016], from millions of years for the crustal
field (thus it is often assumed to be time-independent) to years for the core field, and several

minutes or even seconds for external fields.

Figure 1.1 shows the total intensity of the geomagnetic field at the Earth’s surface, calculated
using the International Geomagnetic Reference Field (IGRF-13) model [Alken et al., 2021]. A
notable region in this map, known as the South Atlantic Anomaly (SAA), is where the total field
intensity exhibits a strong depletion (below a designated threshold of 32000 nT [Pavon-Carrasco
and De Santis, 2016]). This depletion affects the behavior of charged particles in geospace,

causing them to mirror closer to Earth over the SAA longitudes.
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Figure 1.1. Total intensity of the geomagnetic field at the Earth’s surface calculated using the IGRF-13
model for November 2022.

The magnetic field of a centered dipole can be expressed in spherical coordinates as:

M
B, = 2—3 cos 6, (1.1)
r
M
By = 3 sin 0, (12)
r
B; =0, (1.3)

where 6 is the magnetic colatitude, ¢ is the longitude, r is the distance from the Earth’s center

and M is Earth’s magnetic moment. The field’s total intensity can be written as:
M
B=—@Gcost+ 1) (1.4)
r

For many space physics problems, it is useful to define a special coordinate system that
follows the geometry of the Earth’s magnetic field. It consists of three components, namely
the L-shell, which defines the radial distance to a magnetic field line, magnetic latitude A (also
abbreviated as MLat), which specifies the vertical position along the field line, and magnetic
local time (MLT), which represents the azimuthal location. The equation for a dipole magnetic
field line can be written down as:

r = LRy cos® A, (1.5)
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Figure 1.2. A sketch of the dipole magnetic field lines and the corresponding L-parameters (a), and MLT
sectors (b) in solar magnetic coordinates.

where R ~ 6371.2 km is the Earth’s radius. In this equation, L is the radius of the equatorial
crossing point of a field line, measured in Earth radii (see Figure 1.2) and is referred to as the L-
value. MLT, representing the azimuthal component, is measured anti-clockwise in the direction
of —Xg, where SM denotes the solar magnetic coordinate system. The subsequent Chapters
will frequently employ the L-MLat-MLT coordinate system, especially in Chapters 2—5 when

analyzing trapped particle populations in the inner magnetosphere.

1.2 The Sun and solar wind

The star at the center of our solar system, the Sun, radiates the light and heat necessary for
sustaining life on Earth. The Sun is classified as a yellow dwarf star with an effective black body
surface temperature of ~ 5772 K, mass of around 1.99-10*° kg and an average radius of about
6.96-10° km [Foukal, 2004]. Simply put, the Sun is a sphere of plasma under the gravitational
forces that create a pressure high enough to drive a fusion reaction in its core. This reaction, in
which four hydrogen atoms combine to form one helium atom, produces energy that travels for

millions of years until it reaches the Sun’s surface and is then released outward.

The Sun constantly emits ionized plasma that propagates into the interplanetary medium. The

existence of such a flow was originally deduced from observations of comets, namely because
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one of the tails usually lagged several degrees behind the comets’ radial directions. Biermann
[1951] showed that this flow is present at all times and has corresponding velocities in the order
of hundreds of km/s. Parker [1958] named this outflow as the solar wind (SW) and demonstrated
that it originates from the supersonic expansion of the solar corona along the solar magnetic field
lines. The solar wind consists mainly of protons (~ 96%) and helium ions (~ 4%), with a small
fraction of heavier ions (< 1% of C, N, O, etc.). The solar wind also has a magnetic field, often
called the interplanetary magnetic field (IMF), which is embedded into the plasma due to its
high electrical conductivity. This is known as the frozen-in approximation [e.g., Baumjohann
and Treumann, 2012]. When the solar wind reaches the Earth, it has an average flow speed of
~ 400 km/s, a proton number density of around 3-10 cm™, dynamic pressure exerted onto the
Earth’s magnetosphere of about 3 nPa, and an average IMF strength of around 5 nT.
Observations of the Sun date back to 800 BC, and the first telescopic observations of sunspots,
which are regions of reduced temperature at the photosphere caused by concentrations of mag-
netic flux, were performed in 1610. The continuous record of sunspot observations started in the
19th century. The number of sunspots exhibits variations with a period of ~11 years, which is
known as the solar cycle. The Sun largely controls our space environment, as structures such as
coronal mass ejections (CMEs) and corotating interaction regions (CIRs) can transfer energy to
the geospace, causing significant changes in the magnetosphere. Geomagnetic activity is known
to be higher during the solar maximum and the declining phase of the solar cycle and lower

during the solar minimum [Chapman and Bartels, 1940].

1.3 Regions of the near-Earth space environment

The near-Earth space environment is a region of complex interactions and boundaries [Harg-
reaves, 1992]. First, there are interactions between the solar wind and the geomagnetic field.
The SW propagates at supersonic velocities until it encounters the magnetic field of the Earth.
There, a standing shock wave, known as the bow shock, is created (see Figure 1.3). The bow
shock is responsible for heating the solar wind plasma and slowing it down to subsonic speeds.

Most of the solar wind plasma then starts to bypass the Earth through a region known as the mag-
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Figure 1.3. Structure of the near-Earth space environment, demonstrating different current systems and
plasma regions. This figure is synthesized from Kelley [2009], Hargreaves [1992] and Kivelson and
Russell [1995].

netosheath. The region of geospace that is dominated by the terrestrial magnetic field is known
as the magnetosphere [Kivelson and Russell, 1995]. It is separated from the SW-dominated
magnetosheath by a boundary known as the magnetopause [Kamide and Chian, 2007]. The
magnetopause location is highly variable and is mainly determined by a balance between the

pressure exerted by the solar wind and the magnetic pressure of the compressed terrestrial field:

2
2 BMS
pswvsw -

==, (1.6)
2o

where p,,, is the SW mass density, v,, represents the solar wind velocity, By is the terrestrial
magnetic field and g is the permeability of vacuum. The magnetosphere is compressed on the
dayside (with stand-off distances of ~9-10 Rg), and this is associated with the magnetopause
current. On the nightside, the magnetosphere is stretched up to tens-to-hundreds of Rg, and the
magnetotail current exists in this long tail, one part of it flowing from dawn to dusk in the center
of the tail, and the other part creating two loops (above and below the center of the magnetotail)

that close the central current through the magnetopause [Ganushkina et al., 2018].
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The geomagnetic field lines for which both footprints can be traced to the Earth are usually
referred to as closed field lines, while those with only one footprint connected to the Earth and
another one extending into the interplanetary space called open field lines. Open field lines
correspond to the polar regions and form the tail lobes, which are 2 regions with oppositely
directed magnetic fields in the tail of the magnetosphere, usually devoid of plasma. In between of
the northern and southern lobes lies the plasmasheet, which is the main reservoir of plasma in the
magnetotail [Kronberg et al., 2014]. The corresponding plasma is mainly of solar wind origin and
contains electrons and ions with energies of several keV and number densities of 0.1-1 cm™. It
is worth noting that the plasmasheet is linked to the high-latitude ionosphere along the field lines,
and particles precipitating from the plasmasheet hit the neutral atmosphere and produce visible
auroras [Chamberlain, 1961]. Plasmasheet particles can also be transported radially towards the
Earth, gaining energy and becoming part of the inner-magnetospheric populations.

Although most of the solar wind is deflected around the Earth, some plasma from the solar
wind manages to infiltrate the magnetosphere. At high latitudes, there are two funnel-shaped
regions with near-zero magnetic field intensities, known as the cusp regions (Figure 1.3). They
act as gateways that allow heated solar wind plasma to enter the magnetosphere directly [e.g.,
Reiff et al., 1977]. This entry region spans ~ 1° in latitude and 3 hours in local time (LT) and
corresponds to the dayside auroral precipitation. Coupling between the solar wind and magneto-
sphere is furthermore enabled by the process known as the reconnection. When the field lines of
the IMF and geomagnetic field are directed opposite to one another, they meet at the nose of the
magnetosphere, triggering a pattern of magnetic field and plasma motion known as the Dungey
cycle [Dungey, 1961]. First, the antiparallel field lines of the IMF encounter the geomagnetic
field lines, and the so-called X-/ine is formed when they reconnect. This creates two field lines
of the new type. Before the reconnection, one field line was closed and could be traced to its 2
footprints on Earth, and the IMF field line was stretched far away from the Earth. The recon-
nection creates two open field lines that are connected to the planet at one end and extend into
the interplanetary space on the other end (marked as 2 and 2’ in Figure 1.4). The open ends of
these field lines are pushed into the magnetotail, and their footprints are swept across the polar

ionosphere from noon to midnight with velocities of several hundred meters per second (marked
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Figure 1.4. An illustration of the Dungey cycle (adapted from Kivelson and Russell [1995]).

as 3-5 in Figure 1.4). This process cannot continue indefinitely, because then all geomagnetic
field lines would be open [Kivelson and Russell, 1995]. Instead, due to constant loading of mag-
netic flux into the magnetotail, the magnetic pressure increases and another reconnection occurs
in the tail, where the field lines in the northern and southern lobes are anti-parallel (marked as 6
and 6°). The tail reconnection forms a closed line (marked as 7) and a purely interplanetary line
(marked as 7°). The stretched field line (marked by 7) then relaxes and shortens in the Earthward
direction (labeled as 8), returning the plasma attached to it towards the Earth [Baumjohann and

Treumann, 2012]. As the particles are moved inward to lower L-shells, their ionospheric foot-
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prints are dragged through the dusk or dawn side of the Earth and eventually reach the dayside
(labeled as 9).

The magnetic reconnection occurring downtail causes convection of ~100 eV — 1 keV plas-
masheet particles, and they are energized up to tens-to-hundreds of keV energies by adiabatic
compression [DeForest and Mcllwain, 1971]. At these energies, together with the inward con-
vective transport, the particles become subject to the gradient and curvature drifts (Section 1.4.3),
which depend on particle charge. Therefore, the negatively and positively charged particles drift
in opposite longitudinal directions. This differential motion creates an electric current known
as the ring current. It influences the magnetic field magnitude around the equator: ring current
enhancements produce drops in the magnetic field measured at the ground, which are one of
the signatures of geomagnetic storms [Gonzalez et al., 1994]. Particles with higher energies of
hundreds of keV to several MeV form the radiation belts, which are toroidal regions of highly
energetic but very dilute plasma consisting predominantly of energetic protons and electrons
[Van Allen and Frank, 1959; Li and Hudson, 2019]. The protons form a single radiation belt
with maximum flux intensities around L~3. Electron radiation belts comprise a two-zone struc-
ture, consisting of the inner and outer belts separated by the slot region [Reeves et al., 2016].
It should also be noted that during geomagnetic storms, the third radiation belt can occur as a
transient structure lasting several days [Baker et al., 2013]. Around the same radial distances
from the Earth, there is a toroidal region populated with a cold (1 eV) and dense (~ 10°el./cm?)
plasma, known as the plasmasphere. The plasmasphere contains particles that originate in the
ionosphere and flow out on closed field lines up to radial distances of 4-5 Rg. The plasmas-
pheric morphology is generally defined by two processes, namely, the corotation with the Earth
and convection, and the balance between them gives the plasmasphere its characteristic teardrop
shape. The dynamics of the inner-magnetospheric particles are further described in detail in
Section 1.5.

Particles in the neutral atmosphere of the Earth can get ionized by solar radiation, mainly of
ultraviolet (UV) and extreme ultraviolet (EUV) wavelengths, and this process is known as the
photoionization. Furthermore, neutrals can experience the so-called impact ionization via inter-

actions with energetic particles from the magnetosphere, the Sun and the galaxy [Kamide and

8



1.4. Charged particle motion

Chian, 2007]. These particles form the ionosphere, which is a partially ionized region of the up-
per atmosphere extending from ~80 km altitude until a smooth transition into the plasmasphere
at ~1000 km. On open magnetic field lines, light ions that have high thermal energies can escape
the gravity field and stream out from the polar cap to form the polar wind, while the particles
outflowing along the closed field lines populate the plasmasphere. The ionosphere is a disper-
sive medium that, due to high electron concentration, affects the propagation of electromagnetic
waves, including signals from the Global Navigation Satellite Systems (GNSS). Even though
nowadays dual-frequency observations allow the elimination of the first-order ionospheric ef-
fects, the higher-order terms cannot be simply removed [e.g., Hoque and Jakowski, 2007]. This
makes ionospheric modeling a crucial task for both space physics and geodetic applications.
The magnetosphere, ionosphere and thermosphere are inextricably tied to one another and
can be considered as a joint ionosphere-thermosphere-magnetosphere (ITM) system. It is driven
by the solar wind, solar irradiation and a number of feedback mechanisms between different
systems within the geospace. In particular, the magnetospheric configuration and convection
patterns are determined by the solar wind. The magnetosphere provides particles impacting the
ionosphere through precipitation, while the ionosphere has a feedback connection back to the
magnetosphere through the polar wind and particle outflows that populate the plasmasphere. The
plasmaspheric waves, in turn, affect acceleration and loss of the radiation belts and ring current
populations. The ionosphere and thermosphere are also strongly coupled since the thermosphere
acts as the source of particles to be ionized and affects the plasma redistribution through neu-
tral winds. It should be noted that the description above only mentions a few of a myriad of
processes within the ITM system, while the full picture is much more complex and diverse, and

understanding of the ITM system as a whole remains an active area of research.

1.4 Charged particle motion

Plasma can be defined as a state of matter in which a significant fraction of particles are ionized,
which results in a mixture of negative and positive charge carriers, and characterized by the

collective behavior [e.g., Chen et al., 1984]. Individual components of plasma possess electric
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Figure 1.5. Schematics of three types of trapped particle motion in the inner magnetosphere. Figure from
Ilie [2020].

charges on a microscale, but on a macroscale, plasma exhibits quasi-neutrality. Regardless of the
length scale, the charged particles within plasma react to electromagnetic forces.

Charged particles moving in the magnetic (B) and electric (E) fields are subject to the Lorentz
force, and, assuming that non-electromagnetic forces are negligible, the particle motion can be
described as:

d
md—: — 4(vXB +E), (1.7)

where v is velocity, m is mass, and ¢ is charge of the particle. Equation 1.7 indicates that the
magnetic field only accelerates the particles perpendicular to both the magnetic field direction
and particle velocity. An electric field can furthermore accelerate the particles parallel to the
direction of E [Walt, 2005]. Charged particles in the dipole-like geomagnetic field undergo three
distinct types of periodic motion with very different timescales (Figure 1.5), namely, the gyration
around the magnetic field line, bounce motion between the two mirror points, and drift around

the Earth [Schulz and Lanzerotti, 1974].

1.4.1 Cyclotron motion

In a simplified case when no electric field acts on the particles (E = 0), the magnetic Lorentz

force determines the particle motion. If one also assumes that the magnetic field is purely vertical
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(B = B2), then the velocity components can be expressed as:
Vy =V, COSWl, Vy =V, sinw,t, v, = const=y, (1.8)

where v, = (v +v})"/? is the velocity in the plane orthogonal to B, and w, denotes the cyclotron
(or, gyro-) frequency, i.e., the rate at which a particle gyrates around the magnetic field line [e.g.,
Baumjohann and Treumann, 2012]. It depends on the particle charge ¢ that defines the direction

of rotation, particle mass m, as well as magnetic field magnitude B:

B
w, = L (1.9)

ym
where 7 is the Lorentz factor. Particles gyrate about the magnetic field line with the cyclotron

radius:
v, myv,
r = — =
8
lwel  IgIB’

(1.10)

and the center of the cyclotron motion is referred to as the guiding center. When vy # 0, particles
move along the geomagnetic field line as they gyrate, and the overall particle trajectory takes

helical form.

1.4.2 Bounce motion

The terrestrial magnetic field is non-uniform, as the magnetic field lines converge towards the
poles. As aresult, the field creates a force known as the magnetic mirror force [e.g., Baumjohann

and Treumann, 2012]:
it
2mB

F, = Vv, B(s), (1.11)

where s denotes the coordinate along the magnetic field line, and p, is the perpendicular com-

ponent of the relativistic momentum. It is related to the total momentum through:
p1 =lplsina, (1.12)

where @ shows an angle between the particle momentum and magnetic field, referred to as the
particle pitch angle (PA). When the particle moves into a stronger magnetic field, F,, acts in a

direction opposite to particle velocity and tries to deflect the particle. The total kinetic energy
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is conserved, and therefore, the particle’s parallel velocity decreases while the perpendicular
velocity increases. Finally, when the parallel velocity is zero, the particle reverses its direction at
a point known as the mirror point. The particle is then reflected again in the opposite hemisphere,
and this back-and-forth motion between the mirror points in the two hemispheres is known as
the bounce motion. The corresponding bounce period is defined as the time taken for the particle
to travel from one mirror point to its conjugate in the opposite hemisphere and back [Lyons and
Williams, 2013].

If the magnetic field changes are negligible over the gyroradius, then no work is done on a
particle, and the magnetic flux through the particle orbit (O = Bmf,) does not change. Then, for

two arbitrary locations (denoted as 1 and 2) on a field line:

sinfa@;  sin® @,

B, B,

(1.13)

Equation 1.13 provides an important relation between particles at different locations along the
given field line. In particular, it is possible to relate the local pitch angle of a particle (@), with
the equatorial pitch angle (a.q), although it requires knowledge of the magnetic field values at

both points. The equatorial pitch angle can be expressed as:

Qeq = arcsin( A/ Beq/Bioc sin aloc). (1.14)

It is also possible to express the equatorial pitch angle in terms of the magnetic field values at

the equatorial and mirror points:

, cos® A,
Qeq = arcsin /Beq/Bm = PR /lm)l/z’ (1.15)

assuming a dipole field configuration [Walt, 2005]. It is of note that the equatorial PA is inde-

pendent of L-shell and only depends on latitude of the mirror point (4,,). Particles with high
equatorial PAs bounce close to the equatorial plane, while particles with small a.q have high
parallel velocities and mirror at high latitudes [Baumjohann and Treumann, 2012]. If the mirror
points are deep within the atmosphere, the particle will collide with neutrals and be absorbed
by the atmosphere before being reflected back. The range of equatorial pitch angles that are too

small to be mirrored back before the particles are lost by collisions is known as the loss cone.
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1.4.3 Drift motion
Electric drifts

In Sections 1.4.1 and 1.4.2, electric field was assumed to be zero. Adding an electric field to
the magnetic field results in electric drift motion. For instance, an electric field that only has a

parallel component (E;) yields acceleration along the magnetic field:
mVH = qE”. (116)

It is of note that this acceleration depends on particle charge, and therefore positively and nega-
tively charged particles are accelerated in the opposite directions [Kivelson and Russell, 1995].
This parallel electrostatic electric field is rarely sustained, due to the fact that particles can move
quite freely along the field lines and will rearrange to neutralize the field.

When an electric field is perpendicular to the magnetic field (E L B), a velocity increase due
to gE also increases the gv, x B force. The balance between the magnetic and electric Lorentz
forces yields a drift of the guiding center of the particles at a velocity vg:

_E><B

Ve (1.17)

The corresponding net particle motion is referred to as the E X B, or E-cross-B, drift. It is
orthogonal to both electric and magnetic fields and is independent of charge, i.e., positive and
negative ions drift in the same direction despite the opposite directions of the gyromotion.
Electric field perpendicular to the geomagnetic field can be produced due to the planet’s daily
rotation. Both the magnetic field lines and the neutral atmosphere corotate with the Earth. There-
fore, plasma that is tied to either of them is also forced into corotation with the planet (this mainly
concerns ionospheric flux tubes in the mid-latitude region and their magnetospheric extensions).
The ionosphere is not fully ionized, nor is it completely frozen-in due to finite conductivities
[Axford and Hines, 1961]. However, the frequent ion and electron-neutral collisions force the
ionosphere to also corotate with the Earth. This motion of charged particles can be described in

terms of the so-called corotation electric field:
E., = —(Qg Xr) X B, (1.18)
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Figure 1.6. Equipotential contours for magnetospheric electric fields in the equatorial plane, adapted from
Lyons and Williams [2013]. The convection electric field is assumed to have a strength of 2.5 x 10™#V/m.

where r represents the radial position vector, and Qg = 7.27- 107> rad/s is the angular velocity of
the Earth. Under the simplifying assumption of a centered dipole magnetic field, in the equatorial
plane E_, is directed toward the Earth (Figure 1.6b) and decreases with distance proportional to

1/r*. The corotation velocity can be expressed as:
Ve, = Qp XT, (1.19)

which means that the velocity of charged particles is in the same direction as the Earth’s rotation.
Another mechanism that produces large-scale electric field is the magnetospheric convection

(see also Section 1.3). The flow of plasma across the open field lines in the polar cap leads to
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an electric field E = —v,, X B [Kivelson and Russell, 1995; Baumjohann and Treumann, 2012].
This field is known as the convection electric field; it flows from dawn to dusk (see Figure 1.6a)
and creates an E X B drift in the anti-sunward direction.

Figure 1.6¢c shows a combination of the corotation and convection electric fields. If one
does not take the magnetic drifts (described below) into account, the charged particles close
to the Earth will corotate with the planet and move on closed drift paths. At larger radial dis-
tances, the dawn-to-dusk convection electric field dominates the drift motion, and the particles
move on open drift paths from the magnetotail in the direction of the Earth, then escaping the
magnetosphere through the dayside magnetopause. The main effect of convection is that it con-
strains radial distances at which corotation is effective and furthermore deforms the drift orbits
away from their circular shapes. It should also be noted that only the background component
of magnetospheric plasma follows the quasi-potential lines shown in Figure 1.6, while the more
energetic populations follow the orbits that deviate from these contours, as they are influenced

by the magnetic (gradient and curvature) drifts.

Magnetic drifts

Any linear force added to the Lorentz force can generate a drift motion in the ambient magnetic
field. The gravity force can be viewed as one example of an external force, however, its effects
are typically negligible in the near-Earth space. Some of the most important forces arise due
to the non-uniform structure of the terrestrial magnetic field. For instance, the field strength
increases with decreasing radial distance. This gradient in the magnetic field, VB, results in a
non-uniform Lorentz force throughout the gyromotion (i.e., half of a gyration is within a stronger
field than the second half). This creates a drift perpendicular to both the magnetic field and its

gradient, referred to as the gradient drift with a velocity vg:

(m?
\ e 2B B x VB. (1.20)

The gradient drift is concerned with the perpendicular velocity of the particle (v,). In the
terrestrial magnetic field, particles also move parallel to the curved field lines (v;) and therefore

experience a centrifugal force F. = myR¢/R%. The strength of this force is dependent on the
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local radius of curvature Rc. This produces a drift that is perpendicular to both the direction of
the background field and centrifugal force, known as the curvature drift:

mvi ) Re x B
ve = (—Q) . (1.21)
qR;. B

From Equations 1.20 and 1.21 it can bee seen that both v; and v depend on particle charge,
which indicates that species with opposite charges will drift in opposite directions. The terrestrial
magnetic field results in both gradient and curvature drifts, and considering that in a near-dipole
field VB = —(B /R%)Rc, they can be viewed together as one drift motion known as the gradient-
curvature drift:

1,

Bx VB
VB:VG+VC:(vﬁ+—v ) —_—

—-
w,B

v (1.22)

1.4.4 Adiabatic invariants and phase space density

Motion of trapped particles in the inner magnetosphere can be decomposed into three afore-
mentioned types of periodic motion (Sections 1.4.1, 1.4.2, 1.4.3), which have very different
timescales. For instance, MeV electrons in the inner magnetosphere have characteristic times
that are in the order of miliseconds for the cyclotron motion, seconds for the bounce motion and
minutes for the drift motion. Each type of motion is associated with an adiabatic invariant that
remains roughly constant as long as temporal changes acting on the system are slow compared
to the periods of the respective motions. In general, an adiabatic invariant can be written down

as an integral taken over a period of the corresponding particle trajectory:

1
j= L 56 pdr, (1.23)
2

where p and r are the conjugate momentum and position coordinates [Landau and Lifshits,
1960].
The cyclotron motion has a corresponding adiabatic invariant which can be expressed as:

Pl

= , 1.24
M 3B (1.24)

where p, is the relativistic momentum perpendicular to the magnetic field direction, and m is

the particle rest mass. It is of note that at the mirror point, p, = p, and if u is conserved and no
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1.4. Charged particle motion

electric field acts on the particles, the magnetic field magnitude B,, is also conserved. The first
adiabatic invariant is typically violated for processes that interact with particle gyration [Schulz
and Lanzerotti, 1974].

The second adiabatic invariant, associated with the periodic bounce motion along the mag-
netic field line, is the integral of the parallel moment p; along magnetic field between the two

mirror points (s,, and s, ) along a given field line:

S p Sin
J=2 ds =2—— B,, — B(s)ds. 1.25

where B,, and B(s) are magnetic field values at the mirror point and satellite location, respec-

tively. It is also convenient to replace J with another quantity:

J i
K= = f \B,, — B(s)ds, (1.26)
\/81’]10/,[ Sm

which is independent of particle energy (unlike the invariant J) and is only a function of geo-

magnetic field geometry.
The third invariant is the amount of magnetic flux enclosed by the drift shell of a particle

[Schulz and Lanzerotti, 1974], and can be expressed as

QJ:SEB-a’S, (1.27)

where dS is an area swept over the drift period. Equation 1.27 implies that the total flux enclosed
in a particle drift shell remains constant when the perturbations in the magnetic field are slower
than the particle drift period. The L* parameter, which is defined as:

27TBER%
= D s

L*

(1.28)

Bp is the magnetic field value at the equator, is often used instead of ®. In a perfect dipole field,
L* is equal to the L-shell parameter given in Equation 1.5.

The quantity often used to describe the trapped particle radiation is the particle flux, measured
by the satellite detectors. Let us denote the sensor area as A (in units of cm™2), acceptance solid

angle as Q (in steradians, sr) pointing in the direction 6, and energy as E (in keV). Then, number
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of electrons passing through an element of area, element of solid angle, and energy interval

[E,dE] in 1 second is expressed as:
dN(r,E,0) = j(E,0)dAdE dQ, (1.29)

where j(E,6) is the directional differential particle flux in units of cm™2s™!sr 'keV~!' [Walt,
2005].

The values of electron flux are measured at the satellite location. At the same, it is useful
to know how the particle distributions at different locations along the drift or bounce orbits are
connected. Liouville’s theorem helps to describe the so-called phase space density, denoted as F,
which represents a number of particles in a unit volume of a six-dimensional space composed of
3 orthogonal spatial dimensions r = (x,y, z) and their conjugate momenta p. The corresponding
phase space density (PSD) is related to particle flux as:

Jj(a, E)

F(r,p) = TR
p

(1.30)

It is evident from Equation 1.30 that if p? remains constant, no changes in flux will be observed
along a dynamical path [Walt, 2005]. PSD is a very important quantity in inner magnetospheric
research, as it provides a diagnostic tool that allows to separate the non-adiabatic from adiabatic

processes and distinguish between different acceleration and loss mechanisms.

1.5 Dynamics of trapped particles in the inner magneto-
sphere

The inner magnetosphere comprises three main particle populations, namely, the cold (~ 1 eV)
and relatively dense particles in the plasmasphere, the more energetic (tens-to-hundreds of keV)
particles in the ring current and the highly energetic (hundreds-of-keV to multi-MeV) popu-
lations in the radiation belts. It should be emphasized that the three populations have been
historically subdivided in this manner due to the difference in instruments used to observe them
[Kamide and Chian, 2007], while they overlap in location and their dynamics are strongly cou-

pled.
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1.5. Dynamics of trapped particles in the inner magnetosphere

Earth Earth

Figure 1.7. (a) Schematic three-dimensional representation of the plasmasphere (image credit: NASA).
The two panels to the right show a schematic view of the plasmasphere from above the north pole (b)
during quiet times, and (c) following the period of strong convection which shows an eroded plasmasphere
with a sunward-convecting plume (adapted from Borovsky [2014]).

The plasmasphere (Figure 1.7) is the innermost region of the magnetosphere [Koskinen and
Kilpua, 2022]. It is filled with plasma outflowing from the low- and mid-latitude ionosphere
along the closed geomagnetic field lines, and can therefore be considered an upward extension
of the ionosphere. Due to the low energy of plasmaspheric particles, the E x B drift dominates
over the gradient and curvature drifts [Kamide and Chian, 2007]. The plasmaspheric dynamics
are, therefore, mainly controlled by an interplay between the corotation and convection electric
fields, and the particles generally follow the contours of constant electrostatic potential shown
in Figure 1.6. The overall electron densities in the plasmasphere are of the order of 10* el./cm?,
which is larger than in other parts of the magnetosphere. The outer edge of the plasmasphere,
where densities drop roughly by a factor of 5 over ~0.5 L, is known as the plasmapause.

The morphology of the plasmasphere is strongly influenced by geomagnetic activity. In par-
ticular, during geomagnetically quiet times the plasmasphere can extend to radial distances of
up to ~6 Rg, while during geomagnetically disturbed conditions the convection electric field
causes erosion of the plasmasphere. The plasmapause then moves much closer to Earth, some-
times down to 2 Rg [Baker et al., 2004]. One of the most notable features of the plasmaspheric
dynamics is the formation of plumes, which are outward-looking teardrop structures typically
developed at duskside (see, e.g., Figure 1.7c). Plasmaspheric plumes are very common during
active conditions, but can also form at quiet times [Borovsky and Denton, 2008; Moldwin et al.,

2016]. The plumes serve as one of the main means of transport of the plasmaspheric material to
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Figure 1.8. (a) A schematic view of Earth’s radiation belts and several missions providing energetic
particle data (image courtesy of Prof. Shprits; the background image was obtained from Johns Hopkins
University Applied Physics Laboratory). Electron fluxes as a function of L-shell and energy are shown in
the bottom panels for quiet (b) and active (c) conditions (Figure from Reeves et al. [2016]).

large radial distances during storms, sometimes reaching beyond the geostationary orbit [Gold-
stein et al., 2019]. The processes acting within the plasmasphere, around the plasmapause and
within the plumes are crucial for understanding the wave-particle interactions in the radiation
belts and ring current, and significantly affect their dynamics as well [Koskinen and Kilpua,
2022].

Particles that form the ring current and radiation belts have higher energies and are subject to
very different kinematics [Kamide and Chian, 2007]. Particles with energies of tens-to-hundreds
of keV are subject to both the E X B and gradient-curvature drifts. Since the magnetic drifts
depend on particle charge, electrons and ions travel around the Earth in opposite directions. This

differential motion gives rise to the ring current at radial distances from ~2 Ry to around 9 Rg.
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1.5. Dynamics of trapped particles in the inner magnetosphere

The ring current particles mainly originate from the plasmasheet and ionosphere [Daglis et al.,
1999]. In particular, ions with energies around 1-10 keV in the plasmasheet move toward the
Earth and experience an adiabatic increase in energy of up to tens-to-hundreds of keV [Baumjo-
hann and Treumann, 2012]. The particles outflowing from the ionosphere can be affected by a
series of acceleration mechanisms that raise their energy from several eV to tens of keV, making
them an important ring current constituent [Daglis et al., 1999]. It is of note that all trapped
particle populations take part in the ring current formation, but the main contribution to the to-
tal current density comes from H*, He™ and O* ions with energies up to several hundred keV
[Kronberg et al., 2014; Ganushkina et al., 2017], while electrons provide up to 10-20% of the
total energy. In accordance with the Ampére law, the ring current generates a magnetic field that
distorts the geomagnetic field around the equator. This is well reflected in the Disturbance storm-
time (Dst) index which represents the hourly averaged perturbations of the horizontal component
of the geomagnetic field measured near the equator [Mayaud, 1993] and is routinely used as a
proxy of geomagnetic storms in many space weather studies [Borovsky and Shprits, 2017].

The Earth’s radiation belts exhibit a two-zone structure. The inner belt lies between ~1.2
and ~3 L and mainly consists of highly energetic protons with energies of up to 10-100 MeV
[Selesnick and Albert, 2019], but energetic electrons with energies up to ~800 keV are also
present in the inner zone. The energetic protons are produced by the cosmic ray albedo neutron
decay (CRAND), while electrons are mainly present due to injections, which are common at
energies below ~600 keV but rarely happen for MeV electrons [e.g., Claudepierre et al., 2019].
Observations from the Van Allen Probe mission revealed that electrons with energies higher than
~ 800 keV are generally absent in the inner zone [Fennell et al., 2015]. The outer radiation belt
spans from ~3 to ~7-8 L-shell and mainly consists of electrons with energies up to 10 MeV. The
outer belt is extremely dynamic [Reeves et al., 2003], and its morphology depends substantially
on solar and geomagnetic activity [Meredith et al., 2006; Reeves et al., 2016]. The two belts are
separated by the slot region that is usually devoid of electrons and formed by a balance between
the pitch angle scattering loss of electrons to the atmosphere and the inward radial diffusion
[Lyons and Thorne, 1973]. The slot region can be filled during geomagnetically active times

(Figure 1.8c).
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Figure 1.9. Physical processes leading to radiation belt (a) acceleration and transport, and (b) loss and
transport. Figure adapted from Li and Hudson [2019].

For the high-energy radiation belt particles, the E x B drift is negligible, and the transport of
particles through the magnetic field is determined by a sum of longitudinal gradient and curvature
drifts. Electrons drift eastwards around the Earth, while for protons the gradient-curvature drift
velocities are directed westward (Fig. 1.5). If no perturbing forces were present, the adiabatic
invariants would be conserved and the particles would remain in stable orbits indefinitely. The
adiabatic description of trapped particle motion may explain why the radiation belts persist after
they are formed [Kamide and Chian, 2007]. The formation and decay of radiation belts and ring
current, however, are associated with processes that violate adiabatic invariants. For instance,
the third invariant is the easiest to violate, and its violation is associated with radial diffusion.
Violation of the first and second invariants is typically connected with pitch angle diffusion and

local acceleration.
Electrons with energies of hundreds of keV can be considered as a seed population for radia-
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1.5. Dynamics of trapped particles in the inner magnetosphere

tion belts [Jaynes et al., 2015]. They are usually provided through substorm injections, enhanced
magnetospheric convection and inward radial diffusion. The seed electrons can be further accel-
erated to MeV energies by local acceleration [e.g., Li and Hudson, 2019; Allison and Shprits,
2020]. One of the most efficient local acceleration mechanisms is through wave-particle inter-
actions with whistler mode chorus waves. This typically creates peaks in the radial phase space
density profiles around the heart of the outer belt (L~ 4—5). These newly energized electrons are
further redistributed by the radial diffusion due to ultra-low frequency (ULF) waves [Li and Hud-
son, 2019], which acts to smooth out the PSD peaks. Such a redistribution accelerates particles

that are moved inwards and decelerates the ones that move outwards.

Trapped electrons can be lost, for instance, when increased solar wind dynamic pressure
compresses the magnetosphere and particles cross the magnetopause before completing their
drift orbit. This process, known as magnetopause shadowing, creates negative gradients in PSD.
The subsequent outward radial diffusion transports the particles to larger distances and depletes
the radiation belts [Shprits et al., 2006]. Electrons can also be precipitated locally into the atmo-
sphere through interactions with different types of magnetospheric waves, such electromagnetic
ion cyclotron (EMIC), hiss, chorus [see reviews by Shprits et al., 2008a,b; Millan and Thorne,
2007, Friedel et al., 2002]. The combined losses due to pitch angle scattering and magnetopause

shadowing can create multiple localized PSD dropouts (Figure 1.9).

Particle populations in the inner magnetosphere are hazardous for satellite operation. In par-
ticular, particles with energies of tens-to-hundreds of keV can accumulate at the surface of the
satellite and cause electrostatic discharge which may lead to satellite failure [e.g., Boyd et al.,
2014]. Particles with higher energies (above 1 MeV) can penetrate into spacecraft components
and charge the internal materials of the satellites [Fennell et al., 2000]. This deep dielectric
charging can create electric fields that reach breakdown levels, and the following discharge can
severely damage the onboard electronics [Baker et al., 1987; Hastings and Garrett, 2004]. There-
fore, accurate modeling of these populations at all energy ranges and locations is crucial for

mitigating the adverse space weather effects on human infrastructure in space.
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1.6 The ionosphere

1.6.1 Properties of the neutral atmosphere

The Earth is blanketed by the atmosphere, which

constitutes of neutral gas that is gravitationally unit area

bound by the planet. The atmosphere can be de- P+dpP

v h + dh

density, temperature and composition [Hargreaves, dh
mass = Nmdh

scribed in terms of 4 main quantities: pressure,
1992]. For a single gas species, the mass density

p is a product of the average molecular mass m P ‘ h
and number density N. The weight of the gas in \l/

the cylinder of a unit cross-section and height dh Force = Nmg dh

(Figure 1.10) corresponds to the downward force

(—pgdh) that is balanced by the pressure difference Figure 1.10.  Forces acting on an atmo-
spheric column of gas (adapted from Harg-
reaves [1992)).

between the top and bottom surfaces (dp):
dp = —pgdh = —Nmgdh. (1.31)

At the same time, the neutral atmosphere is subject to the ideal gas law that relates pressure to

number density and kinetic gas temperature as follows:
p = NKT, (1.32)

where k is the Boltzmann’s constant and 7 stands for absolute temperature. Therefore, one can
divide the two above-mentioned equations by one another and arrive at a first-order differential

equation of the form:
dp -mgdh  dh

) T o (1.33)

One can define a quantity, referred to as scale height, which has dimensions of length and is

expressed as:
_ kT

mg

H (1.34)
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1.6. The ionosphere

Integration of Equation 1.34 leads to the barometric equation:

h - hy
H B

P =Do eXp(— (1.35)

where pg is the pressure at a reference altitude hy. A similar relation can be written for number

density:

N = N, exp(—h ;Iho). (1.36)

Itis also possible to define a dimensionless quantity known as the reduced height z [e.g., Rishbeth

and Garriott, 1969]:

(1.37)

It should be noted that no matter what distribution the atmospheric gas has, its pressure at height
hy equals to the weight of gas in the column above Ay, and the total number of particles is
Niotar = NoHy. If the atmosphere above h, was compressed to a uniform pressure py, its vertical
extent would be the scale height H, [Rishbeth and Garriott, 1969], and this holds for any choice
of the reference altitude hy.

Equations 1.35 and 1.36 state that pressure and number density decay with altitude exponen-
tially. Figure 1.11 shows the height distribution of atmospheric pressure, density and tempera-
ture given by the Committee On Extension to the Standard Atmosphere (COESA-1976) model
[Minzner, 1977]. One can see that temperature only drops uniformly up to around 10 km alti-
tude, in a region known as the troposphere. After its boundary, the tropopause, there is a region
known as the stratosphere that corresponds to increasing temperature reaching around 0° C at
the stratopause (around 50 km in altitude). Such an inverted temperature profile is due to the
fact that the molecules such as ozone can strongly absorb the ultraviolet radiation from the Sun
[Hargreaves, 1992]. The mesosphere is located between ~50 and ~90 km and corresponds to
decreasing temperatures, down to —80° around the mesopause. The mesopause also roughly
coincides with the furbopause, i.e., a boundary which separates the region of turbulent mixing
lying below from the region above the turbopause where the particles stratify according to mass
density. At greater heights, there is a region known as the thermosphere, which correponds to ex-
ponentially increasing temperatures due to solar heating. At altitudes above ~600 km, individual

atoms can escape the gravity field, and this region is called the exosphere.
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Figure 1.11. Vertical profiles of mass density (a), pressure (b) and temperature (c) as given by the
COESA-1976 model.

1.6.2 Balance of ionization

The processes that control the ionosphere can be generally subdivided into three categories:
production, desctruction and transport of ionized plasma [Rishbeth and Garriott, 1969]. The
relative importance of these categories depends on altitude, as the photochemical processes are
very important in the lower layers of the ionosphere, while transport processes play a dominant
role in the upper part of the ionosphere. The rate of change of the electron concentration due to

the interplay of these processes can be expressed in a continuity equation:

ON
= =q4- 1=V (N, (1.38)

where ¢ stands for the production rate, / for the loss rate and v is the net drift velocity of electrons
(the change due to transport is the divergence of the flux Nv). Below, each of these terms is

explained in more detail.
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1.6. The ionosphere

Ionization occurs when the energy of the incoming photons or precipitating particles exceeds
the binding energy of the electrons in the neutral gases. There are two most important sources
of ionization in the ionosphere, namely the photoionization by the solar EUV and UV radiation,
which constitutes the dominant source process on the day side, and the particle precipitation,
also called impact ionization, which is important on the nightside [Kivelson and Russell, 1995].

The photoionization can be represented in the following equation:

A+hy—> A" +e, (1.39)

where e* is a photoelectron, and A is an atom or molecule of neutral gas [Hargreaves, 1992].
Formation of the ionized layer is described below, in Section 1.6.3.

Electrons which are produced in the upper atmosphere can recombine with positive ions; the
corresponding process is known as the ion recombination [e.g., Rishbeth and Garriott, 1969].
Furthermore, they can get attached to the neutral molecules and form negative ions. The latter
loss process is known as the attachment, or binding [e.g., Hargreaves, 1992]. The negative ions
formed in this way may later be subject to further reations and can get neutralized.

One can express the rate at which the electrons are lost by recombination and attachment as
(—aN.N4+) and (—bN,N,), respectively. Here, N, denotes the electron density, N+ shows the
number density of positive ions and N, is the neutral density, @ is the recombination coefficient,
and b - proportionality coefficient [Davies, 1965]. One can assume that only very few negative
ions are present and therefore the number density of positive ions is roughly similar to the elec-
tron number density (N, = Ny-). Moreover, there are much more neutral molecules compared
to electrons, and therefore in case of attachment one can neglect changes in the neutral density.
The photochemical terms of the continuity equation can be rewritten for the recombination and

attachment cases as:

dN,

7k a{N,},

d]\f, (1.40)
C=gq- Ne’

7 4 B

where S is the attachment coefficient. Davies [1965] also noted that if the attachment process

that produced negative ions is followed by their recombination with positive ions, the overall
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continuity equation assumes a form:

dN,

dr = (geff — aeﬁ{Ne}z’ (141)

where g.¢ and a.g are the effective rates of production and loss. Therefore, in such two-step
processes the net effect may be represented as a simple recombination.

The last term of the continuity Equation 1.38 is concerned with rate of change of plasma
density due to bulk movement of the plasma. Although the transport occurs in both horizontal
and vertical directions, for the general morphology of the ionosphere it is important to describe
the vertical transport. In particular, in the upper part of the ionosphere one can, for the first ap-
proximation, neglect the production and recombination processes, and thus rewrite the continuity
equation as:

‘%’ _ _%, (1.42)
where w is the vertical drift velocity at altitude 4 [Hargreaves, 1992]. Furthermore, if the vertical

motion is only due to diffusion, the drift velocity takes the form:

D ON
W= —-—— 1.43
N oh (1.43)
where D is the diffusion coefficient (the minority constituent diffuses in the stationary majority
gas). The plasma consists of two minority species, namely ions and electrons, and one can define

the following quantities:

D, = k(T, + T)/myv;,
(1.44)

Hp =k(T, + Ti)/mig,
referred to as the plasma diffusion coeflicient (D)) and plasma scale height (H,). It is possible to
show [see, e.g., Hargreaves, 1992] that with increasing altitude, as the photochemistry becomes

less important, diffusion becomes exponentially more important and has a significant impact on

the ionospheric dynamics.

1.6.3 Chapman layer formation

Solar irradiation, absorbed by the atmosphere, leads to photoionization of electrons. At any

given altitude, the production rate of photoelectrons ¢ is proportional to the intensity of ionizing
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Figure 1.12. Absorption of radiation in a slab of gas (adapted from Davies [1965]).

radiation S ,, concentration of neutral molecules n(, and the absorption cross section o (Figure
1.12). In 1931, Sydney Chapman derived an analytical formula to describe how the production
rate of ionization varies with height as a function of the solar zenith angle [Chapman, 1931]. This
derivation is based on several assumptions, namely that the atmosphere contains only one species
of gas, it is horizontally stratified, it is isothermal and the ionizing radiation is monochromatic
and parallel [e.g., Davies, 1965]. Furthermore, it is assumed that the atmosphere does not change
with time, and the transport processes are neglected. This Section gives an overview of the
Chapman production function, its scaling properties and relation to electron density, while the

full derivation is presented in Appendix A. The production rate can be expressed as:

q(x,2) = qoexp[1 — z — sec y exp(-2)],
onpS o
qo = ——, (1.45)
e
_ h=h
= H )

where ¢ denotes the production rate at altitude 4y, H is the atmospheric scale height, and z is
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the reduced height.

Figure 1.13 shows the dependence of Chapman profiles on solar zenith angle. An interesting
scaling rule can be deduced from this figure, namely, that the shape of the profile remains the
same for any zenith angle, and it is only the anchor point of the profile (q,,, ) that is shifted
depending on y. In fact, it is possible to show (see Appendix A) that the maximum production
rate of a profile g,, and the corresponding reduced height z,, depend on the solar zenith angle as:

gm(x) = qocos x,
(1.46)

Zm(x) = Insec y.
Therefore, the maximum rate of ionization is scaled by a factor of cos y and the corresponding
reduced height is shifted by In sec y. It is of note that gy contains dependence on solar irradiation,
which means that the Chapman layer is strongly dependent on solar activity; furthermore, the
dependence of the maximum production rate and the respective height on solar zenith angle
shows that the Chapman function also contains a significant diurnal variation.
Using Equation 1.46 and derivation presented in Appendix A, one can write an alternative

form of the Chapman function:

q(x,2) = qm(x) - exp[1 — z — exp(=2)]. (1.47)

In order to determine the distribution of electron density, we assume the photochemical equilib-
rium with no transport processes, the continuity equation takes the form g = [. If one assumes
that losses are due to the recombination process (I = @N?), then the following expression can be

written for electron density:
1
Ne(x-2) = Nulx) - exp | 5 (I -z—exp(-2)|, (1.48)

with N,,(x) = v/¢u(x)/a. This expression defines an alpha-Chapman (or, @-Chapman) layer.
In the case when the loss process is due to attachment of electrons to neutral atoms (I = SN,),

one can define a beta-Chapman layer as:

Ne(x.2) = Nu(x) - exp[1 — z — exp(=2)]. (1.49)
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Figure 1.13. Normalized rate of photoionization according to the Chapman’s theory for different solar
zenith angles (adapted from Hargreaves [1992]). The horizontal axis is in natural logarithmic scale. The
dots show points of maximum production rate for each solar zenith angle.
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1.6.4 Vertical structure of the ionosphere

The ionosphere can be subdivided into several regions, also called layers, based on the processes
that occur within the respective altitude ranges. The main ionospheric layers are denoted as D,
E, and F. This naming was used by Sir Edward V. Appleton, who won a Nobel Prize in Physics
(1947) for his fundamental work proving the existence of the ionosphere. He initially used the
letter E to denote the first layer that he had discovered; then, he found another layer above the
E-layer, and referred to it as F using the next letter in the alphabet. Later on, another layer was
found below the E-region. It was therefore denoted with a letter D. During the early experiments,
it was decided not to start the naming from the letter A, due to a possibility that there could be

other undiscovered layers below the D-region.

The D-layer of the ionosphere spans between ~ 50 and ~ 90 km altitudes and is comprised
mainly of NO* and O ions. It is considered to be the most complicated ionospheric region
from the chemical perspective [Hargreaves, 1992]. Electron density values in the D-layer are
low (~ 10> — 10? el./cm?), and the number of electrons is much smaller than the number of
neutral molecules. High electron-neutral collision frequencies in the D-region lead to attenua-
tion of radio signals, and the low-frequency signals may not reach the higher layers due to this
attenuation. The most important sources of ionization at D-region altitudes include the Lyman-«

emission line and X-ray radiation.

The E-layer is located between ~90 and ~140 km altitude. The primary ion constituents are
NO™ and O3, and the secondary ion components are O™ and NJ. The ionization is mainly caused
by the X-ray emissions and EUV radiation. Electron densities in the E-layer are much higher
than in the D-region, reaching up to ~ 10° el./cm?, and the maximum electron density (NmE)
is achieved around 100-110 km in altitude. In general, the E-layer can be well-described by the
Chapman theory [Hargreaves, 1992], except at nighttime due to the fact that the ionization does

not vanish completely but instead the E-region remains weakly ionized.

The F-layer lies at altitudes above ~140 km. A typical ionospheric electron density profile
reaches the highest density value within the F-layer. The free electrons in the F-region reflect

radio waves in high-frequency communication and broadcasting, making it the main source of
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Figure 1.14. A schematics of different layers of the Earth’s atmosphere in temperature and ionization
domain (adapted from Limberger [2015]).

error for a variety of applications concerned with navigation and positioning [Davies, 1965]. The
F-region can be subdivided into the F1 and F2 layers.

The F1-layer is located between ~140 and ~210 km altitudes. The main ion constituents
are NO™ and Oj ions, but O* and N are also present as secondary ion components. The main
ionization source is the EUV radiation and the typical behavior agrees well with the Chapman
theory. The typical electron densities in the F1-region reach 10° — 10° el./cm®. It is worth noting
that the Fl1-layer rarely manifests a distinct peak but rather produces a ledge in the electron
density profile [Scotto et al., 1997]. It is more pronounced in summer than in winter, and exhibits
a significant diurnal variation, as it vanishes at night and may not be present in winter months
even during daytime.

The F2-layer is arguably the most important ionospheric layer due to the fact that it contains
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most of the total electron content (TEC) [e.g., Bilitza, 2009]. The F2-layer is maintained both
during day and night for any solar activity levels. The peak densities in the F2-layer, also referred
to as NmF2, often exceed 10° el./cm?®. This layer is highly variable, and includes both long-term
trends (e.g., 11-year solar cycle or even longer) and fine variability on timescales of several
minutes under geomagnetically disturbed conditions. The main ion constituents are the oxygen
(O*) and light (He* and H") ions, and the main ionization source is the photoionization by the
EUV light. The F2-layer is significantly different from the other photochemically dominated
layers, as the transport of plasma produced at lower altitudes plays a major role in the formation
and dynamics of the F2-region. The F2-layer peak forms due to the balance between density
increase in the lower F2-layer, where the recombination rate falls off quicker than the production
rate, and ambipolar diffusion that leads to density decrease with altitude. Therefore, the F2-layer
is clearly a non-Chapman layer, and several characteristic anomalies can be found in within the
layer, most notably, the equatorial ionization anomaly (EIA). The F2-layer is governed by a
variety of competing processes, including the electrodynamic drifts, plasma transport by neutral
winds, ambipolar diffusion, changes in the neutral atmosphere, and particle precipitation.

The topside ionosphere lies between the altitude of the F2-layer peak (hmF2) and the up-
per transition height (UTH), which marks the boundary between the oxygen- and hydrogen-
dominated regions. The UTH is defined as the height where the concentration of O* equals the
concentration of light ions (H" and He™") [Yue et al., 2010a]. The topside ionosphere contains up
to ~80% of the TEC, which makes it a region of paramount importance for the GNSS navigation.
The dynamics of the topside ionosphere are highly complex and vary significantly with the solar
and geomagnetic activity. This part of the ionosphere is located above the critical frequency
of the F2-layer, and therefore it cannot be probed by the ionosondes and the available ground-
based measurements are mainly performed by the incoherent scatter radars (ISRs), which are
only available at a handful of sites around the globe. Satellite measurements present another
source of data, but these observations are usually bound to the satellite orbit. The data coverage
in the topside ionosphere is, therefore, highly non-uniform, particularly in altitude. This makes
the topside modeling a highly complex task, and developing accurate electron density models of

the region remains an active area of research.
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1.7 Modeling methodology

In recent years, machine learning (ML) algorithms have become an essential component of mod-
ern society. They are used in countless applications, such as guiding us to our destinations,
providing personalized entertainment recommendations, predicting our shopping preferences, in
web applications for spam filtering, email classification and smart replies, for translating text
and even detecting fraud in financial transactions. The applications of ML are ubiquitous in our
daily lives, and with advancements in technology and increasingly large volumes of data be-
gin collected, the potential for further integration of ML models into various fields of study is
immense.

This dissertation delves into the empirical modeling of hazardous particle populations in
various regions of geospace, with several publication-based chapters dedicated to this topic. To
accomplish this, various modeling techniques have been employed, including machine learning-
based approaches. The following subsections provide a general overview of the methods used in
the publication-based chapters, while detailed explanations and workflows for each problem are
given in the corresponding chapters.

There are several important notes that are worth making before describing the specifics of
different ML algorithms. In particular, there are three main "ingredients" for any empirical
modeling problem, namely, the data that are used for modeling, the model itself, and the process
of learning [Deisenroth et al., 2020]. Therefore, one needs to firstly define what the data are
and how they can be represented. Throughout the entirety of this thesis, the input data are
assumed to be in tabular form: X = {x;;} fori € [1,n]l and j € [1,m] (X € R™™)*. In this
representation, each of the rows of the matrix, denoted as i, represents a particular measurement
instance, and each column, denoted as j, corresponds to the input variable. Throughout this
chapter, we will denote matrices with upper-case bold letters, column vectors with lower-case
bold letters, and scalars with non-bold symbols. The output data in the following chapters take
the form: y = {y;} for i € [1,n]] (y € R"). The next question that arises is what constitutes a

machine learning model. Here, ML models are viewed as predictive functions that produce an

“Here, [ 1, n]] denotes a set of integers from 1 to n.
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output when supplied with input data. Last but not least, the term "learning" refers to improving

the model performance on a certain class of tasks with experience.

1.7.1 Types of machine learning problems

(a) Unsupervised learning

(b) Supervised learning
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Figure 1.15. An illustration of the unsupervised and supervised learning concepts (adapted from Mo-
rimoto and Ponton [2021]). Column (a) shows schematics of the clustering technique, where several
collections of points are clustered together without prior knowledge. Column (b) demonstrates a super-

vised classification problem, where each of the points already has an assigned label (orange versus blue
dots), and the classification algorithm draws a boundary between the two classes.
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All machine learning algorithms can be roughly subdivided into supervised and unsupervised
methods (it is of note, however, that reinforcement learning is sometimes put into a separate
category). The schematic difference between the two families of methods is shown in Figure
1.15.

Unsupervised learning methods explore the hidden patters in the data sets without the prior
knowledge or inference of these patterns, hence the name "unsupervised" [Goodfellow et al.,
2016]. For instance, if several clusters of points are present in the dataset but it is unknown how
many clusters there are or which of the features can be used to group these points together, one
can employ clustering methods. Clustering represents a machine learning technique that allows
grouping of the data instances based on their differences and similarities (this is illustrated in
Figure 1.15a). Another popular unsupervised approach is the so-called dimensionality reduction
(DR). DR is usually employed when the number of input features is too high for a given data set
and helps to reduce the number of inputs (or, dimensions) to a more manageable number while
maintaining the underlying dependencies. This technique is frequently employed to identify
features that can be reduced and are not needed for further model training.

Supervised learning is different from unsupervised methods in that it requires labeled data
sets for training. The term "labeled" used here means that for each training example, the value of
the output is given. The corresponding methods are designed to "supervise" the model for, e.g.,
classifying data into several categories (Figure 1.15b) or into the accurate prediction of numerical
outcomes based on the training data. If the "true" output values are known, it is possible to
evaluate the model accuracy and improve the prediction quality over time. Figure 1.15b shows
an example of the supervised classification problem. Unlike in unsupervised clustering described
above, each of the dots in Figure 1.15b already corresponds to an existing class of events, and
the model finds the boundary between different classes based on the available observations in
different input dimensions.

One can subdivide supervised learning methods into classification and regression algorithms.
The difference between classification and regression problems lies in the fact that classification
operates on a finite number of predefined classes, and therefore the desired output is discrete

in nature, while in regression the output can be represented as a continuous numerical variable
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(a) Classification (b) Regression
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Figure 1.16. An illustration of classification and regression tasks. Panel (a) gives a schematics of a
classification problem (similar to Figure 1.15), where each of the data points is assigned to one of several
discrete classes (in this case, blue and orange dots represent 2 classes) and the ML algorithm finds a
boundary between the classes (black line) based on the input variables. Panel (b) shows an example of a
regression problem, where the output can be represented with a continuous variable and the ML algorithm
tries to find a suitable predictor function from the input data.

[Hastie et al., 2009]. In particular, let us consider a data set with n data instances and m feature
variables X = {x; ;} € R™" (i € [1,n], j € [1, m]]). For a classification problem (assuming there
are only 2 classes), the task is to find a mapping function that will assign each of the data entries
to the corresponding pre-labeled output y; € {—1,+1} (for i € [[1,n]]), and can be expressed
as R" — {-1,+1}. In multi-dimensional classification, the output values belong to a set of k
discrete labels denoted as I = {qy, ..., ¢x}, and the task is to find a mapping R” — I. On the other
hand, in regression problems, the output can be represented as a continuous numerical variable

and therefore the function mapping takes the form R” — R.

In supervised learning, we would like to find a predictor function defined by a set of model
parameters (for instance, weights and biases in the case of neural networks). The main task of
the training process is finding the values of these parameters which would produce a "good"
estimator [Deisenroth et al., 2020]. Generally, a sensible way to achieve this is to minimize the
difference between the predicted and target values using the data in the training set [Ng, 2000].
At the same time, any real-world data sets contain errors of different sources and, therefore, one

should not view the learning process as a way to simply memorize the training set, but rather
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as a delicate balance between reproducing the training examples well and predicting the unseen
events with roughly the same accuracy levels. These concepts are formalized in the following

section.

1.7.2 Bias — variance tradeoff

Let a target variable y and a feature matrix X be related viay = f(X) + €, where € represents
the irreducible error, which is the part of y that cannot be predicted from X. We are interested in
finding an estimator of the mapping f, denoted as /,4(X) (the subscript reflects that the estimator
is defined by a set of parameters 0) [e.g., Ng, 2000; Goodfellow et al., 2016]. The usual way of
training the model /4(X) is by minimizing the difference between the model output (denoted as
¥ = hy(X)) and the observations y, which is measured by the cost function J.

Errors of the estimator are usually comprised of three parts, namely, the bias, variance and
irreducible errors. The latter describes the fact that predictive capabilities of a trained estimator
are always limited by the data noise. Bias and variance, on the other hand, represent reducible

errors that should be minimized. The bias of an estimator can be expressed as:
. . 1O,
Bias(ho(X)} = (§ = ¥) = — > (G =), (1.50)
n i=1

and shows how far on average the estimated values are displaced with respect to the observa-
tions [Hastie et al., 2009]. Models with high bias are generally quite rigid and not expressive
enough to capture the patterns in the data, whereas low-bias estimators are flexible and can model

complicated relationships. The variance of an estimator is given by:
1 n
Variance{hy(X)} = — Z G =), (1.51)
o

and shows how the estimate would vary if the data are randomly resampled from the underlying
data distribution [Hastie et al., 2009]. High-variance models are too expressive for a given prob-
lem and tend to capture not only the useful dependencies but also data noise, while models with
low variance are less prone to random fluctuations and have good generalization abilities.

Bias and variance reflect two different error sources in the model estimates. The next logical

question is what constitutes a better model — an estimator with low bias but high variance, or
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Figure 1.17. An illustration of the bias-variance tradeoff (adapted from Goodfellow et al. [2016]). As the
model capacity (on the horizontal axis) increases, bias decreases but variance increases, which yields the
U-shaped curve of the generalization error. If we select an "optimal" model complexity, corresponding
to the minimum of the generalization error, then the overfitting region corresponds to models that are too
expressive for a given data set, and underfitting refers to models that are not complex enough to capture
the underlying phenomena.

the one with low variance but high bias? It is obvious that the best case scenario would be to
have a model where both error sources are minimized. Finding such a model involves adjusting
the model complexity, because the capabilities of an estimator are largely determined by its
architecture. Models with few degrees of freedom tend to have high bias. Increasing the model
complexity reduces bias but leads to larger variance (Figure 1.17). This phenomenon, known
as the bias-variance tradeoff [Breiman, 2001], is one of the key concepts of machine learning.

Luckily, the following metric, known as the mean squared error (MSE), provides a measure of

the overall squared deviation between the estimated and true values. It is defined as:

1 n
MSE{2,(X)} = ~ Z @i =), (1.52)
i=1

and incorporates both bias and variance. It can be shown [e.g., Hastie et al., 2009] that MSE can

be decomposed as:
MSE{hy(X)} = Bias®{hy(X)} + Variance{hy(X)} + 2. (1.53)

Equation 1.53 is known as the bias-variance decomposition, and provides a way to negotiate the

bias-variance tradeoff through the mean squared error. It is evident that using only the training
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Figure 1.18. An illustration of the underfitting vs overfitting concept. Underfitting (a) refers to a phe-
nomenon when the model is not sufficiently expressive to approximate the synthetic data correctly; panel
(b) shows a case when the model can approximate the data well enough and is the output is robust, (c)
the model approximates every point but is overly expressive and therefore creates artificial oscillations in
between of the data points. The true function from which the synthetic data were drawn is shown with a
dashed blue line.

set is not enough to evaluate the model’s quality, and that this needs to be done using independent
data. Such data sets, which follow approximately the same distribution as the training data but
were not seen during the model training, are known as the validation sets. During the model
training, the validation error is usually tracked alongside the training error, and their difference
is referred to as the generalization error and can be used to judge the success of the training
process. The estimator that achieves the lowest generalization MSE can be regarded as the best
estimator, and the set of parameters corresponding to this estimator can be viewed as the optimal
combination. Models with architectures that are more complex that this optimal combination
would easily overfit the training data, while those with less expressiveness would underfit the
data.

To illustrate these concepts, in Figure 1.18 we randomly draw 20 samples from a synthetic
function (shown in blue) and add gaussian noise (with oo = 0.15) to these synthetic data points.
In panel (a), a linear trend line is fitted to these data points. It is evident that the linear function
is not expressive enough to approximate the data, and this presents a case of underfitting. On
the other hand, in panel (c), a polynomial of degree 15 is used, and the resulting function is

too complex for the problem. It fits well the available data points but becomes oscillatory in
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between and does not resemble the true function. This is the case of overfitting. In panel (b), we
fit the data samples with a polynomial of degree 4, which provides a robust representation of the
trends seen in the synthetic data. This simple example is an illustration of one of the most crucial
concepts in machine learning, which is to use the independent out-of-sample data samples to
make sure that the parameters obtained during the model fitting are adequate and do not lead to

overfitting or underfitting.

The subsections above were mainly concerned with the general concepts of empirical mod-
eling. The following subsections give brief formulations and descriptions of different predictor
functions used throughout the thesis, while the details of their implementation can be found in

the corresponding chapters.

1.7.3 Linear models

Linear regression is a statistical approach to modeling the relationship between one or more
predictor variables and a response variable. Using the notations from previous subsections, in
linear models one tries to find an affine function Ay that maps the input X € R™ into the
corresponding function values f(X) € R. The modeled relationship between them is assumed to

take the form:

ho(X) = 6 + 01X1 + 02X + .+ OpX = O+ > 0%, (1.54)

J=1

where x; € R" are column vectors of the input matrix X, 8 = {6, ..., 6,,} are the model parameters,
referred to as the model weights, and 6, represents the intercept that allows to make the model
more flexible. Assuming X, = {xo; = 1}7 € R" for i € [1,n], it is possible to present the

parameter vector and the design matrix in an augmented form as 6, = [6,6,...,0,]" € R7+1
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and X, = [Xo, X, ...,X,,]| € R?>"*! Then, Equation 1.54 can be rewritten as:
1 X1 ... xlm— —00_ —)71
ho(Xa) = 1 e 9.1 = y ? (1.55)
1 Xu oo Xam|  [On) | V|
—_—— —_——

XA c Rn)(m+1 0A € Rm+1 )A’ c R”

The squared-loss function can be expressed as:
1 n
JO) = — L= 90, 1.56
©) M;@>u (1.56)

where the goal is to find a set of parameters that minimizes the cost function 85, = arg ming J(6).
They are referred to as the least-squared estimators. The minimization of Equation 1.56 can be

solved explicitly, using the ordinary least squares (OLS) approach:
Oisq = (X3X4) ' X}y, (1.57)

Furthermore, the same problem can be solved using gradient descent (GD), which is an iterative
optimization algorithm that finds the minimum of a function. Linear regression problems are
often put under the umbrella of machine learning, even though in most cases they can be solved
efficiently using the OLS method. However, in order to provide a simplified illustration of the
gradient descent, we will solve a multiple linear regression problem below.

Let us use gradient descent to minimize the loss function given in Equation 1.56. At the
first iteration, one needs to initialize values of the weights, which can be done randomly. An
important component of the gradient descent is the learning rate, denoted as @, which determines
the magnitude of the updates made to the model parameters at each iteration. Furthermore, one
needs to calculate the partial derivatives of the loss function with respect to the model parameters.

They can be expressed as:

] 1<
@':—:— Ai— iXi'5 158
1= gy = 200K (1.58)

where 6; represents the j-th parameter of the model (j € [[1,m]]), and D; computes the average

gradient across all training samples. At each new iteration, the previous values of the model
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Figure 1.19. An illustration of the gradient descent algorithm. Panel (a) shows synthetic data points
(black dots) and linear trend lines colored by the iteration number of the gradient descent. Panel (b)
demonstrates the evolution of w and » with the gradient descent iterations (blue and red lines, respec-
tively). After ~200 iterations, the parameters retrieved from GD approach the least square solutions
shown as dashed lines of the same color. Panel (c) shows the mean squared error for different combi-
nations of w and b and how the optimal combination of parameters was iteratively obtained. Panel (d)
shows an effect of learning rate on the algorithm’s convergence. With an appropriate learning rate (0.1,
purple line), GD solution approaches the optimal solution (purple dot). For a learning rate that is too high
(0.79, cyan line), the iterative update of w and b is much noisier, and for the same number of iterations
GD does not converge to the optimal solution (the final iteration is shown as a cyan dot).
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parameters ¢ alongside with input and output values X and y are substituted in Equation 1.58,

and the parameter values are updated using the following equation*:

9]' = Hj - Q’Dj. (159)

For a clearer understanding, one can invoke the hiking analogy: 6; can be considered the current
position of the person in the j-th dimension, and D; is equivalent to the steepness of the slope
along that dimension. At each iteration, the updated value of 6; reflects their new position after
taking a step @D; in the direction of the negative gradient. Both the learning rate and the partial
derivative contribute to the step size, as D; gives direction and steepness, and @ scales the steps
allowing for finer control over the training process. Finally, the hiker arrives at the bottom of the
valley which corresponds to the minimum of the loss function.

Figure 1.19 illustrates the gradient descent on a simple univariate linear regression problem.
Panel (a) shows synthetic data (black dots) which can be well approximated by an affine function.
The straight lines represent the linear trends that are fitted using gradient descent, colorcoded by
the number of GD iteration. One can see that the initial guess leads to a line that is very far
away from the data points, and that the lines eventually converge to a good approximation of the
data. It is of note that the step of gradient descent is proportional to error at each iteration, and
therefore one can see larger steps for the first few iterations and smaller updates later on. Panel
(b) shows a comparison of the iteratively found slope and intercept values with those obtained
using ordinary least squares. After approximately 200 iterations the GD solution converges to
the OLS solution. Panel (c¢) demonstrates the loss function value for different slope and intercept
values and demonstrates the trajectory from the initial guess to the global minimum. In panel
(d), the effect of learning rate is investigated. In particular, we use two learning rates, 0.1 an
0.79, and perform 300 iterations of the gradient descent. One can see that for @ = 0.1 there is
a smooth convergence towards the global minimum, while for the learning rate that is too high
(@ = 0.79) the update makes large jumps and for the same number of iterations the conver-

gence is not achieved. One should note that this particular optimization problem has only one

“Throughout this Chapter, the notation a := b refers to the replacement of a with b, while equality between a
and b is denoted as a = b.
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global optimum and therefore even for relatively large learning rate the gradient descent would
eventually converge to the global minimum. However, for problems with multiple local min-
ima, a learning rate that is too high may prevent gradient descent from converging to the global

minimum.

1.7.4 Feature mappings

Natural phenomena often present highly complex data distributions that can be better modeled
using non-linear functions, such as polynomial, logarithmic or exponential functions. To address
this, an approach known as feature mapping can be employed. It allows to transform raw data
into a more suitable form and reduces this problem to a multilinear regression task.

In feature mapping, one aims to convert the original input variables into higher-dimensional
feature spaces, which helps with modeling more complex relationships. For instance, given a

column vector X; corresponding to the feature j, one can define a transformation of the form:
¢i(x)) = X, (1.60)
where k = [0, K — 1]]. Such feature mappings convert a one-dimensional input vector X; into the
K-dimensional feature space that can represent polynomials up to degree K — 1. This problem
can be viewed as a multilinear regression over the new set of feature variables ¢(x;). In this case,
¢ is referred to as the feature map acting on the original inputs X; that are sometimes also called

the function attributes of the problem [Ng, 2000].

The model function /4, can be written as
K-1

ho(x) = ) Oidu(x;) = @O, (1.61)

k=0

where 0 = [6y, ...,0k_1]7 € RX are the model parameters, similar to Section 1.7.3, and ® denotes

the design matrix. The OLS solution can be found using the following equation:
O s = (P @) @Ty. (1.62)

The description above focuses on problems with a single input attribute. However, one can
use different forms of feature mappings and transform any number of features while still treat-

ing this problem as a multiple linear regression. In space physics problems, several predictor
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Schematics of a regression decision tree
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Figure 1.20. Schematics of a regression tree. The root node of the tree, where the decision process starts,
is shown in blue, the internal decision nodes are shown in red, together with the decision criteria, and the
leaf node is demonstrated in green (the tree image was downloaded from www.freepik.com).

variables that are frequently used for empirical modeling, such as LT and longitude, exhibit dis-
continuities between their highest and lowest values (e.g., both 0 and 24 hours LT correspond
to midnight). Using raw values for such features would result in model artifacts, which can be
avoided by using sine/cosine transformations of the values. Such feature mappings have become

a common practice in space weather modeling and are utilized, for instance, in Chapters 4 and 6.

1.7.5 Decision trees

Linear methods described in the previous section are parametric methods [Alpaydin, 2020]. The
parametric methods create a general model over the entire input space and learn the parameters
assuming a specific functional form. There also non-parametric techniques that divide the input
space into local regions, based on certain measures of distance such as the Euclidian norm, and
create local models using the respective subsets of training data. Examples of the non-parametric

methods include the K Nearest Neighbors (KNNs) and tree-based methods. There is, however,
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an important difference between these two approaches. Specifically, decision trees represent the
model-based learning, i.e., methods that use the training set to construct the model and fit the
model parameters using those data. On the other hand, the KNNss try to find the closest instances
to the one being modeled based on a distance in multidimensional space, and therefore employ
the whole training set as the model. Such algorithms are called the instance-based methods.

Decision trees (DTs) are one of the most popular ML techniques, used both as standalone
models and as building blocks for more sophisticated ensemble methods (Section 1.7.6). Trees
stratify, or segment, the predictor variable into a number of regions, and return as prediction the
average value of the target variable in a region where it is placed based on the input parameter
values [e.g., Hastie et al., 2009]. DTs consist of nodes and branches (sub-trees). There are 3
types of nodes, namely, the root node which is the beginning of a tree and contains the entire
population before any splitting is done, internal (or, decision) nodes which perform the tests on
given attributes, and the leaf (terminal) nodes that contain the output values. DTs are built by a
process known as induction; it performs recursive splitting of the training data into subsets based
on the feature values. Each decision node p implements a certain function g,(x) that, given an
input value, determines which branch should be followed.

The "decision making" process begins in the root node and selects a feature that separates
observations into distinct classes of target values in the most optimal way (note that there are
multiple ways to approach this and they will be discussed later). Each sub-tree will be split again
at the following decision nodes, down to the leaf node that contains the output. In fact, the test
function g,(x) is a simple function that breaks down into a sequence of binary decisions. Each
leaf node contains a "label", which is the identifier of a certain class in case of classification and
a numeric output in the case of regression.

Let us consider a node with a test function only makes a decision based on a particular input
feature j. If the inputs are numeric, there is an empirically chosen threshold w,, such that the

decision function

g Xp) 1 X; > w, (1.63)

divides the space of input parameters into two subspaces: X/ = {X, : x; > w,} and Xfp =
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{X, \ X}, where X, denotes the input space that reached the node p and superscripts / and r
refer to the left and right branches generated at node p. Output values are divided using using
the same indices. Such divisions are called binary splits. They generate sharp boundaries of the
input space and produce splits which are orthogonal to each other thus dividing input space into
hypperrectangles. After the decision tree has been constructed, it can be used to make predictions
given the input, that is, perform deduction. At the deduction stage, the model function g which
consists of a sequence of binary decisions g,(x), applies these test conditions to the given data
samples and follows the appropriate tree branches, returning the value at the corresponding leaf
node. In the case of regression, if the node p is the leaf node, the output value 4, is calculated as

the average of training values reaching the node:
h, = ! E y (1.64)
p N v ’

where N, is the number of points at node p.

Decision tree methods can be used both for classification and regression. In both cases, it is
necessary to quantify the goodness of split. In the case of regression, splitting criteria are chosen
so that they suit regression tasks, for instance, the reduction of variance or MSE are frequently

selected. MSE can be reformulated as:

Jp = Nip S =) + > (- ) |- (1.65)

iep! iep”
The aim is to find a split that corresponds to the smallest J,, value [James et al., 2013].

Due to the fact that deep DTs are high-variance models, it is common practice to use regular-
ization that could combat overfitting. One popular approach is to constrain the maximum depth
of the tree. This is due to the fact that decision trees can, in principle, perform the splitting until
each of the samples represents a separate leaf, which would lead to strong overfitting and would
take a very long training time. In order to avoid this, it is quite common to put a certain threshold
on a depth of a tree.

Another option to regularize DTs is to set an error level that is considered acceptable. If at

node p the achieved error J), is smaller than the defined threshold error, then a leaf node is created
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and it contains the £, value. If the threshold is not yet reached, the data splitting continues further
until the criterion is met. For this kind of regularization, the "acceptable" error can be treated as
a complexity parameter. When the threshold error is too small, very deep trees that can overfit
to training data will be generated, while if the threshold is too large the created trees will be too

coarse and will underfit the data.

Another way to constrain the tree depth is by setting the minimum number of samples in
a leaf, which can be done, for instance, in terms of the percentage of points of the training set
(e.g., each of the leaves should contain no less than 5% of the training set). Constraining the
tree depth in this way is called pruning. This technique is motivated by the fact that decisions
based on too few samples increase variance and thus the generalization error. One can do a
prepruning where the splitting stops before the tree is fully grown, and postpruning where the
trees are grown until the training error is pushed to zero, and the splits that do not contribute to
the model improvement are identified and removed post-factum based on the data set which was
withheld during the fitting process [e.g., Breiman, 2017]. Generally, the postpruning is much
faster than the exhaustive search of the best features at every split, and therefore leads to much

faster implementation of decision trees.

Decision trees have gained significant popularity in machine learning research. The main
reasons are that the DT models are very easy to explain and understand and can be represented
graphically, especially if the trees are not very deep. Another reason for this popularity is that
decision trees closely mimic the human decision making process. Furthermore, the trees can
directly reveal the importance scores for each variable. Last but not least, the tree based methods
are model-agnostic and do not require any underlying assumptions about the data. However,
DTs also have several drawbacks. For instance, deep trees are prone to data noise and need to
be regularized. Furthermore, due to the hierarchical structure of decision trees the errors of the
top split can propagate down to all splits below, and therefore the splitting needs to be performed
carefully. However, by aggregating many decision trees and creating the so-called modeling
ensembles, it is possible to increase the stability of DTs and improve the overall performance of

the models.
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1.7.6 Ensemble learning: bagging and boosting

Ensemble learning is a machine learning approach where several models with relatively low
predictive capabilities are combined in order to achieve better performance [Goodfellow et al.,
2016]. The main underlying hypothesis behind all ensemble techniques is that weaker models,
also called base estimators, can be combined in a way that balances their weaknesses and can
thus produce more reliable models. The base estimators usually suffer from either high bias
(e.g., have too few degrees of freedom) or high variance (too many degrees of freedom). The
ensemble techniques are selected to reduce bias/variance of these weak estimators in order to
create a strong learner. For instance, if the base models have high variance (and low bias), the
ensemble technique should reduce variance, while if the base estimators have low variance and

high bias, then the ensemble method should aim at reducing the bias.

There are two main ways to combine weak learners, known as bagging and boosting. Bag-
ging (short for bootstrap aggregation) trains the base estimators in parallel and then combines
them by taking the average of their predictions aiming to reduce the variance of the ensemble
model [James et al., 2013]. Bagging creates multiple (K) learners by creating K subsets of the
original data in the training phase. These subsets are created by randomly drawing samples
with replacement from the original set, which is referred to as bootstrapping. Here, the term
replacement refers to the fact that some samples may be drawn multiple times. For the bagging
technique to be effective, the subsets need to have a large enough number of samples to capture
the underlying phenomena and be representative of the data distribution of the original set. On
the other hand, the number of samples in the subsets should be sufficiently smaller than in the
original subsets, otherwise the base learners will be trained on the data that are too similar and

the ensemble techniques may not bring any improvement.

Decision trees are considered a popular choice as base estimators in ensemble modeling.
The combinations of trees are referred to as forests. Trees with only a few layers, called shallow
trees, generally suffer from high bias, whereas trees that contain many layers, called deep trees,
and are prone to high variance. This makes deep trees a good choice as base models for bagging

techniques. A machine learning method that use a bagging approach on deep trees is known
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Schematics of a random forest with K regression trees
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Figure 1.21. Random forest schematics. The RF method trains multiple decision trees in parallel, each of
them trained on a subset of the training set drawn with replacement, and then provides a final prediction
as an average of predictions by individual trees (tree images were downloaded from www.freepik.com).

as the random forest (RF). It has found numerous application in both classification and regres-
sion tasks in recent years. In addition to bootstrapping of the data samples, RF tries to further
decorrelate the random variables and at each split considers only a fraction of the total number
of features. In particular, if one of the variables serves as a very strong predictor, it will likely
be selected for splitting in many trees, and to avoid this, a subset of features is selected which
makes the individual trees in the ensemble less similar to one another. The main advantages of
the RF technique is that the predictions are easily interpretable, and the training phase can be

parallelized very well.

While deep trees represent a good choice for bagging methods, shallow trees can be con-
sidered a better choice for sequential modeling using boosting. The ensemble "boosted" model
learns iteratively to achieve lower bias than the individual weak learners. In particular, in boost-
ing technique, the models on the next iterations give more emphasis to the most difficult data
instances that could not be modeled well in previous iterations[James et al., 2013]. It is worth
noting that unlike in RF, the conventional boosting methods cannot be parallelized due to the
sequential nature of the algorithm. Thus, another motivation behind choosing shallow models as

building blocks of the algorithms, as they take much less time to train.
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Figure 1.22. An illustration of using the tree-based methods for approximating continuous functions,
which shows limitations of these algorithms.

There are two major strategies on how to combine the individual base models in boosting,
namely the adaptive boosting (AdaBoost) and gradient boosting. These two approaches refer to
updating the weights attached to the individual data points, versus updating values of the data
points themselves (e.g., by taking a difference from the previous iteration). In particular, Ad-
aBoost [Freund and Schapire, 1997] attaches weights to each of the training examples, initially
chosen as w; = 1/n fori € [[1,n]], and updates them at each iteration to give more emphasis to
the poorly reproduced data points. Furthermore, each of the weak learners built in sequence also
has a corresponding weight proportional to its performance. The final prediction is obtained as a

weighted sum of the base estimators.

In gradient boosting [Friedman, 2001], the ensemble model is also built as a weighted sum
of weak learners. However, there is a difference in the approach to aggregate the weak learner
models, which is treated as a gradient descent problem, hence the name of the algorithm. Each
iteration fits a newly created tree on pseudo-residuals, which are differences between the known
output values of the training set and predictions of the ensemble on the previous iteration. The
trees are summarized in the opposite direction to the gradient of the fitting error, and their indi-

vidual contributions are scaled by the learning rate.
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Ensembles of decision trees, including random forests and gradient boosting, have been used
in many classification and regression problems with great success. They are known to perform
very well on tabular data, sometimes outperforming even deep neural networks. Furthermore,
they are easily interpretable and can provide importance scores for different variables. There are
also several drawbacks of the tree ensembles. For instance, they are prone to correlated input
features and generally require long training times. Moreover, the tree-based methods in general
struggle with approximating continuous functions, due to the fact that decision trees perform
binary splits which produce sharp prediction boundaries. Ensemble techniques that involve ran-
domization and training many uncorrelated DTs may help with making these boundaries less
evident but cannot remove them completely. Figure 1.22 provides an example of approximating
a continuous function with a single decision tree consisting of 5 layers (panel a), and ensembles
of 150 trees obtained using RF and AdaBoost methods (panel b). It is evident that predic-
tion boundaries are less severe when ensemble modeling is employed but are not completely
smoothed out. In several space physics applications, such as ionospheric modeling, it is crucial
to have a continuous output that does not exhibit sharp discontinuities. For such problems, Ar-
tificial Neural Networks (ANNs), which are universal function approximators [Cybenko, 1989],

may be considered a better choice.

1.7.7 Artificial neural networks

Artificial neural networks represent a broad group of non-linear models that consist of series of
interconnected nodes. ANNSs have been used in a wide variety of applications, such as classifica-
tion, regression, image recognition, showing state-of-the-art performance. The neural networks
are typically comprised of a very large number of parameters (weights and biases); the exact
number depends on a problem, but it is not uncommon to have millions of adjustable parame-
ters. These parameters explore the connection between the input and output variables and are
capable of finding even the most non-trivial dependencies in the data sets. Determining these
parameters is an optimization problem which involves minimization of the objective function

and is usually referred to as the model "training".

54



1.7. Modeling methodology

Schematics of an artificial neuron
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Figure 1.23. Schematics of a single artificial neuron.

The base units of ANNs are referred to as neurons. This terminology has been inspired by the
biological connection with the human brain and the way that the biological neurons are connected
with one another. At the same time, whether ANNs are actually similar to the biological systems
remains an open question, as it is unclear if the biological networks can have as many layers as
the ANNs (sometimes up to thousands), and it is also uncertain whether the biological networks
are updated using back-propagation in the same way as the ANNs [e.g., Ng, 2000].

Let us, firstly, consider the principle of operation of a single neuron (Figure 1.23). Let us

assume an n-dimensional input vector X € R”. The output of a neuron can be expressed as:
Z=W'X+b, (1.66)

where w is a weight vector (w € R"), and b is the associated bias, introduced to make the model
more flexible. The neuron computes a sum of the inputs with an added bias to produce the
output z as a weighted sum of the inputs. One can see that a single artificial neuron can be used
to solve problems such as linear regression and binary classification, but its capacity is limited,
since Equation 1.66 defines an affine transformation. It is also useful to show that stacking many
neurons of this type together would not break this linearity, and therefore a modification of this

computational system would be necessary. In particular, if we consider a layer with several
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neurons z!!! = Willx + bl!, and pass its output through a second layer z!?! = W2Iz!!l + b2, the

overall result can be written as:
2 = W2 (Wx + b1) + b2 = WEIWx + Wb 4 b2 = Wix + 1y, (1.67)

which is another linear transformation. In order to address more complex problems, it is neces-
sary to overcome this linearity and pass the output of a neuron through some function that could

introduce non-linear effects. One example of such function is:
8(2) = ReLU(z) = max(z,0), (1.68)

which is known as the REctified Linear Unit (ReLU) function [Nair and Hinton, 2010; Glorot
etal., 2011]. Such functions are called activation (or, transfer) functions, due to their similarity to
the neural circuits in neuroscience. The output of a neuron passed through an activation function
is:

a=g(w'x+Db). (1.69)
Different activation functions that are frequently used in neural network training and their first
derivatives are shown in Figure 1.24.

Let us now consider a network with an input layer (denoted as the O-th layer), r — 1 interme-
diate layers, which are also called hidden layers since the neurons within them are not directly
observable, and the output layer (denoted as the r-th layer). This architecture is shown in Figure
1.25. Previously, Equations 1.66 and 1.69 used a column vector of the neuron weights as w € R"
and, therefore, it was necessary to transpose it to take a dot product with the input vector x € R".
When deeper networks with several layers are concerned, we will define a weight matrix for
each layer [. The rows of the matrix correspond to neurons within the layer / and contain weights
connecting these neurons to the ones in the preceding layer / — 1; therefore, we will place the

transposed weight vectors into the rows of the matrix, and can write:

[ 10 () m ] | " | [, 101]
Wit Wia oo Wing - (Wl ) - b,
[7] (1] [7] ( [l])T [1]
w w el W — (w — b
wil=| "2t 722 e = ? e RN Ve plh = |72 L e RY, (1.70)
wil will _ (W[l])T . pld
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Figure 1.24. Different activation functions (bold solid lines) and their first derivatives (dashed lines).

where N, is a number of neurons in layer /.

In terms of these notations, let us define how the network computes the output when supplied
with the input data. For simplicity, in this chapter we consider a single measurement instance
passed through the network, both in the forward and backward directions, while the generalized
formulas for minibatch training are given in Appendix B. The forward pass of the multilayer

perceptron (MLP) can be defined as:

20 = Wilgl=11 4 il
(1.71)

alll = gll(zlhy,

for [ = 1, ...,r. This rule also holds for the first layer, considering that al’! = Wllx, and for the
last layer, where the final activation is an identity function and $ = a!"! = z"). The network starts

by passing the inputs through the first hidden layer, and keeps applying Equation 1.71 until the
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output layer; therefore, one can reformulate the forward pass as a composition of functions:

y:hdm:(%moﬁmﬂomo%m%ax (1.72)

model

where #!" denotes the transformation given in Equation 1.71 and 8 = {W, b} is the set of model
parameters. During each training iteration, the forward pass is used to compute the value of the
network output y which is then compared to the "true" value y and is used to calculate the loss
function value. The loss function quantifies the discrepancy between the model prediction and
the target values [e.g., Hastie et al., 2009]. For regression tasks, MSE is frequently used as a loss,
but it is worth noting that other functions (e.g., Mean Absolute Error — MAE) are also applied
frequently and the choice of the loss function is application-specific. The purpose of the training
process is to find such weights that the loss function value is minimal. This minimization is done
using gradient descent, which iteratively adjusts the network parameters @ proportionately to the
negative values of the partial derivatives of the loss function with respect to model parameters.

Repeated computations of the partial derivatives are inefficient and computationally expen-
sive, due to the fact that ANNs may have millions of adjustable parameters and these calculations
need to be performed many times [James et al., 2013; Goodfellow et al., 2016]. There is a much
more elegant approach, known as backpropagation. It was proposed by a master student Seppo
Linnainmaa [1970] and later on applied to ANN training in a Nature paper of Rumelhart et al.
[1986], which made this approach widely popular. Backpropagation which is often called back-
prop, tracks changes of the loss backward, from the last NN layer to the first one (hence the
name). It exploits the layer-wise network structure to compute the partial derivatives and reuses
the quantities that are shared, which helps to significantly reduce the training times.

It is evident that the loss function value depends on the output of the network y. Since
equals to the output of the neuron in the last layer (z'!), one can take a derivative of J with
respect to z!"1, defined as:

(')‘[r]:a_‘]:a‘]_

a7~ 9y

assuming the network has one output neuron. The output of the last layer obviously depends on

Y-y, (1.73)

neurons in previous layers, and therefore it is possible to use the chain rule of calculus and write
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Schematics of a feedforward neural network
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Figure 1.25. Schematics of a feedforward neural network. The forward pass of the network computes
the output when supplied with the input. The loss function quantifies the difference between the model
output and the target value. It is possible to calculate partial derivatives of the loss function with respect to
weights (0J/0W) and biases (0J/0b) in different layers (see Equation 1.75), which defines the backward
pass.

for layers [ =r—1,..., 1:

S = % — ((W[z+1])T 6[l+“)®g’ (Z[l]), (1.74)

where © denotes the Hadamard product. It should be noted that a derivative of a scalar function
with respect to a vector has the same dimension as the vector [e.g., Deisenroth et al., 2020], and

oJ . o
therefore 520 € RM. The 8 vectors represent the errors in the activations of layer /, and can be
Z

used to express the partial derivatives of the loss function with respect to weights and biases in

the layer as:
oJ
oWl

= o (a[l_l])T , and % =o' (1.75)
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These partial derivatives are used to update the weights and biases of each layer as follows:

oJ
. Wil _ f—
WH =W a@WU] ,
o7 (1.76)
bl = plll = g ——
' abli”

Equation 1.76 uses a constant learning rate «, but, generally, there can be different learning rates
for each of the parameters.

Updating the weights during training is a very crucial step of the model training. The weight
updates depend on the derivatives of the activation function g’ (z[”), which are evaluated for
each neuron. If these gradients have near-zero values, the updates would be negligible and the
network would not improve with training. In literature, this is referred to as the vanishing gra-
dient problem. In particular, Figure 1.24 demonstrates several activation functions and their first
derivatives with respect to z. It can be seen that the sigmoid and hyperbolic tangent activations,
which were very popular activation choices in the early days of machine learning research, have
derivatives that approaches zero in both left and right directions. Therefore, these functions are
known to suffer from the vanishing gradient problem and were later on replaced with the ReLU
function and its modifications. ReL.U is different from the sigmoid and tanh functions in that its
first derivative does not equal to zero most of the time. However, one can notice that for negative
input values, the derivative is indeed zero, and therefore another modification of ReLLU, known
as the Leaky ReLU, has been developed. It should also be noted that both ReLLU and Leaky
ReL.U are piece-wise linear functions, and therefore in some cases this can lead to piecewise lin-
ear (non-smooth) output of the network. Therefore, in order to produce a smooth output, other
modifications of ReLLU can be used, such as, for example, the softplus activation function (see

Figure 1.24d).

1.7.8 Machine learning pipeline

All of the ML algorithms described above, and many more methods that were not used within
this thesis but are frequently employed in various space physics problems share similar steps
of model development. Therefore, one can finish the description of the ML techniques with a

general "recipe” to building machine learning models.
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Figure 1.26. Schematics of the general machine learning pipeline.

Step 1 — Data exploration. One of the important initial steps of the machine learning
pipeline is to collect and explore the data before proceeding with model development. In partic-
ular, the quality of data will, in many ways, determine the model’s ability to learn and therefore
needs to be checked in advance. In broad terms, a "good" data set for machine learning should
contain only very few missing or repeated values and should also be balanced with respect to
different classes of events (e.g., have sufficient coverage of different solar/geomagnetic activity
levels). Therefore, at this step it is crucial to analyze data distributions, identify the outliers, and

explore the general patterns seen in the data set.

Step 2 — Data preprocessing. The next important step involves preparation of the data
for training. In particular, one needs to merge observations from different sources and unify
them, clean out the outliers, missing values and duplicate instances. Furthermore, after visu-
alizing the data and exploring the preliminary patters and dependencies, one may need to use
feature engineering, for instance, by applying the feature mapping technique (Section 1.7.4) to
computes different transformations of the initial attributes. This involves, for example, replacing
the cyclic features with their sine and cosine values, calculating different powers of the initial
input variables, etc. Moreover, another crucial step for modeling the time-series (and many of
the space physics problems deal with time-series) is to calculate the time-history of the predictor
variables, as the near-Earth space environment generally responds with a time lag to solar wind
driving, and this time lag needs to be determined separately for each problem. After the input

and output features have been prepared, one can apply data normalization and split the available
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observations into the data set which will be used for model development (consisting of training
and validation) and test sets.

Step 3 — Model development. To develop a model, one needs to choose one or several
algorithms that are relevant to the task. For instance, different methodologies should be applied
to the time-series forecasting versus image recognition. Furthermore, it is necessary to make
sure that the method is suitable for the numerical or categorical data which are used. In practice,
different machine learning algorithms have their own advantages and disadvantages, and it is
often a combination of several methods that yields the best result. The models which combine
several ML models are known as superlearners and are becoming increasingly popular.

The model training is the core of the machine learning pipeline. The selected algorithm is
optimized to find the best model parameters within this step. Over time, the model is able to
better and better capture the underlying phenomena and to reproduce the training data. However,
one needs to note that if left unchecked the model can easily overfit the training data and learn
the noise instead of the useful dependencies. Therefore, one needs to regularly check that the
model is not only fitting well to the training set, but also to more independent validation data.
These checks also need to be performed when tuning the model hyperparameters. There are
multiple strategies to split the data into the training and validation data, including the K-Fold
cross-validation (CV); they are described in detail in the publication-based chapters. The bot-
tomline for this step is to select an algorithm suitable for the problem, tune the model architecture
and minimize overfitting by monitoring the validation error during the model training.

Step 4 — Model testing. After the model has been trained, it is necessary to check its
performance on the data that were not seen during the model construction. If the testing is
performed on the same data that were used to fit the model, it would not be possible to get a
realistic measure of the model performance, and therefore these data need to be withheld during
the development, and separated in time from the training and validation sets. The test set can
be viewed as the ultimate "judge" of the model performance, and if the model achieves similar
accuracy levels on the training and test sets, is has a good generalization ability.

Final steps - Model deployment and maintenance. After the model has been developed

and tested on unseen data, it can be deployed for usage by the scientific community, stakeholders,
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etc. At this step, it is necessary to save the model in a format that is easy to understand and use,
provide scripts to run the model, and upload it to an open access repository. It is also beneficial
to include a feedback loop from the community, so that the users could point out where the
model can be improved in the future. Maintaining the model and updating it as new data sources
become available also constitute a very important part of the modeling process and can lead to

gradual improvement of the developed models.

1.8 Contributions of the dissertation

The scope of this dissertation is to develop new data-driven models of different regions of the
space environment that pose hazards to satellite infrastructure and communications. Specifically,
this work aims at creating modeling tools for the nowcast prediction of the radiation belts, ring
current and ionosphere, based on long-term observations collected over the past two decades.

In Chapter 2, we develop a new global model of ring current electrons for the medium Earth
orbit (MEO) using a large data set of electron flux measured by the Global Positioning Sys-
tem (GPS) constellation at energies ~120-600 keV. These electrons are driven by both convec-
tive and diffusive transport and, therefore, require sophisticated four-dimensional physics-based
modeling codes. We demonstrate that their dynamics can be predicted very well using the Light
Gradient Boosting Machine (LightGBM) algorithm. The model is driven by the solar wind and
geomagnetic indices, including time-history of SW velocity, and does not require previous flux
values as inputs. The developed Medium Energy electRon fLux In Earth’s outer radiatioN belt
(MERLIN) model is validated using 10-fold cross-validation (CV), and is tested on 1.5 years
of unseen observations, achieving very good performance with a correlation between the ob-
served and predicted fluxes of ~80% and near-zero bias. The chapter is based on the results from
Smirnov et al. [2020a].

Chapter 3 presents a large-scale statistical study of pitch angle distributions (PADs) of elec-
trons in the radiation belts and ring current. PADs are critically important for understanding the
dynamics of electron populations and for conversion of electron fluxes to phase space densities

in terms of adiabatic invariants. PADs are highly variable with activity, which has been known
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since the early studies by Lyons and Williams [1975a]. However, due to the lack of high quality
observations prior to the Van Allen Probes era, it was not possible to undertake a large scale
statistical study of their behavior. The Van Allen Probes mission produced high fidelity electron
flux observations which allowed us to analyze PAD behavior with a very high energy resolution.
To understand the impact of geomagnetic storms on the equatorial pitch angle distributions, we
perform a superposed epoch analysis study of the PAD morphology during 129 geomagnetic
storms throughout the Van Allen Probes era. The chapter is based on the findings from Smirnov
et al. [2022a].

In Chapter 4, we use the dependencies reported in Chapter 3 to build an empirical model of
the equatorial pitch angle distributions in the outer radiation belt. This is the first PAD model
based on the Fourier series expansion, and the first model with a continuous dependence on
L, MLT and activity. The chapter proposes two methods to reconstruct full equatorial PADs
uni-directional observations, and in particular, it demonstrates a way to reconstruct equatorial
electron flux using low-pitch angle data, which can be used to convert the available long-term
data sets of uni-and omnidirectional electron fluxes to phase space density. The chapter is based
on the results from Smirnov et al. [2022c].

Chapter 5 presents a method of converting electron fluxes measured by the Cluster’s Research
with Adaptive Particle Imaging Detector (RAPID)/Imaging Electron Spectrometer (IES) detector
to phase space density. The Cluster constellation has provided over two solar cycles of electron
flux observations in the outer belt, which can be used for the radiation belt science. However, no
adiabatic invariants have been calculated for Cluster. The chapter presents a method to convert
the RAPID/IES observations to phase space densities and outlines the general characteristics of
the radial PSD profiles measured by Cluster. These results were used to create the LSTAR product
for the European Space Agency’s Cluster Science Archive. The chapter is based on the study by
Smirnov et al. [2020b].

Chapters 6 and 7 focus on the topside ionosphere, which is the region that contains the largest
fraction of the total electron content and is thus critically important for GNSS applications. Over
the last two decades, the ionosphere has become a data-rich environment, with several billion ob-

servations provided by different observational techniques. While multiple comparisons between
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the data sets have been presented over the years, the systematic intercalibration of all available
data sources has not been undertaken. In Chapter 6, we present an intercalibration of the plasma
density measurements by five most prominent and widely used ionospheric constellations. The
intercalibration factors presented in this dissertation eliminate the systematic differences between
the most widely used ionospheric data and allow using these data sets together for many appli-
cations, including data-driven ionospheric modeling. Furthermore, we showed, for the first time,
that the Langmuir Probes (LLPs) onboard the Swarm mission overestimate the nighttime electron
densities by up to 40-50% during low solar activity. The chapter is based on the results from
Smirnov et al. [2021].

In Chapter 7, we develop a novel empirical model of electron density in the topside iono-
sphere, based on a large three dimensional radio occultation data set covering almost two solar
cycles of data. The model predicts 4 parameters of the alpha-Chapman function with a linear
decay of scale height with altitude using feedforward neural networks. The developed model
is tested on in-situ observations by 3 independent missions and is capable of predicting elec-
tron densities with very high fidelity, as the model predictions lie within a factor of 2 from the
measurements 90% of the time. The developed model outperforms the current topside options in-
cluded into the International Reference Ionosphere (IRI) model by up to 80%, especially around

100-200 km above hmF2. The chapter is based on the results from Smirnov et al. [2023].

The main original contributions of this dissertation can be summarized as follows:

I. The radiation belts and ring current:

1. Developed the first machine learning-based model of hundreds-of-keV electron fluxes
at MEO that does not use flux values as inputs and is driven only by solar wind and

geomagnetic indices, based on GPS data.

2. Selected the input features for the ML model of electron flux, including the time-
history of solar wind parameters. Demonstrated that even for hundreds-of-keV elec-
trons, including long-term history of up to 2 weeks significantly improved the model

performance.
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3. For the first time, applied Fourier sine series to study pitch angle distributions of
electrons in Earth’s inner magnetosphere. Developed a technique that can fit all PAD

types and can be easily integrated to derive the omnidirectional fluxes.

4. Performed, for the first time, a statistical analysis of electron pitch angle distributions
during geomagnetic storms using the entire Van Allen Probes data set at energies

below ~1.6 MeV using Fourier sine series.

5. Developed the first empirical model of equatorial electron pitch angle distributions

that has a continuous dependence on L, MLT and magnetospheric activity.

6. Calculated adiabatic invariants for the Cluster mission and created a product contain-

ing the L* coordinate, which was adopted by the European Space Agency.
II. The ionosphere:

1. Intercalibrated the ionospheric data sets from the Gravity Recovery and Climate Ex-
periment (GRACE), Constellation Observing System for Meteorology, Ionosphere
and Climate (COSMIC), CHAllenging Minisatellite payload (CHAMP), Swarm, and

Communications/Navigation Outage Forecasting System (C/NOFS) missions.

2. For the first time showed that the Swarm Langmuir Probes exhibit nighttime overes-

timation of electron density by up to ~40-50%.

3. Developed a neural network-based model of electron density in the topside iono-
sphere that gives highly accurate predictions and outperforms the international stan-

dard model, the IRI, by up to an order of magnitude.

4. Validated the developed NN-based electron density model using independent in-situ
observations and showed that the model predictions are within a factor of 2 from
the data ~90% of the time on all of the employed missions. Furthermore, the model
can resolve both the large-scale dynamics of the topside ionosphere and small-scale

structures such as the midlatitude ionospheric trough.
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Abstract

The radiation belts of the Earth, filled with energetic electrons, comprise complex and dynamic
systems that pose a significant threat to satellite systems. While various models of electron flux
both for low and relativistic energies have been developed, the behavior of medium energy (120-
600 keV) electrons, especially in the MEO region remains poorly quantified. At these energies,
electrons are driven by both convective and diffusive transport, and their prediction usually re-
quires sophisticated 4D modeling codes. In this paper we present an alternative approach using
the LightGBM machine learning algorithm. The MERLIN model takes as input the satellite
position, a combination of geomagnetic indices and solar wind parameters including the time
history of velocity, and does not use persistence. MERLIN is trained on >15 years of the GPS
electron flux data, and tested on more than 1.5 years of measurements. 10-fold cross validation
yields that the model predicts the MEO radiation environment well, both in terms of dynamics
and amplitudes of flux. Evaluation on the test set yields high correlation between the predicted
and observed electron flux (0.8) and low values of absolute error. The MERLIN model can have
wide space weather applications, providing information for the scientific community in the form
of radiation belts reconstructions, as well as industry for satellite mission design, nowcast of the

MEO environment and surface charging analysis.
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2. Medium energy electron flux in the outer radiation belt (MERLIN): a machine learning model

Plain Language Summary

The radiation belts of the Earth, which are the zones of charged energetic particles trapped by
the geomagnetic field, comprise complex and dynamic systems posing a significant threat to a
variety of commercial and military satellite systems. While the inner belt is relatively stable, the
outer belt is highly variable and depends substantially on solar activity; therefore, accurate and
improved models of electron flux in the outer radiation belt are essential to understand the un-
derlying physical processes. Although many models have been developed for the geostationary
orbit and relativistic energies, prediction of electron flux in the 120-600 keV energy range still
remains challenging. We present a data-driven model of the medium energies (120-600 keV)
differential electron flux in the outer radiation belt based on machine learning. We use 17 years
of electron observations by GPS satellites. We set up a 3D model for flux prediction in terms
of L-values, MLT and magnetic latitude. The model gives reliable predictions of the radiation

environment in the outer radiation belt and has wide space weather applications.

2.1 Introduction

The Van Allen radiation belts, discovered by the array of Explorer satellites [Van Allen and
Frank, 1959], are zones of charged energetic particles, mainly electrons and protons, trapped
by the magnetic field of the Earth. Energetic electrons (> 100 keV) are mainly confined to two
regions - the inner belt, within L from 1.2 to 2.5, and the outer belt located between L from ~ 3
to 7 [Lyons et al., 1972; Summers et al., 2004]. The inner and outer electron radiation belts are
separated with a so-called slot region, usually devoid of energetic electrons [Lyons and Thorne,
1973; Kavanagh et al., 2018]. The inner radiation belt is known to exhibit long-term stability,
while the outer belt is highly dynamic and depends substantially on solar activity [Meredith et al.,
2006].

The dynamics of the outer radiation belt is governed by a complex interplay between accel-
eration and loss processes [Reeves et al., 2003]. Electrons with energies of tens of keV, called

the source population, are injected into the inner magnetosphere during substorms and produce
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waves, for instance, the whistler mode chorus [e.g., Boyd et al., 2014, 2016; Jaynes et al., 2015].
Electrons with energies of hundreds of keV, called the seed population electrons, are also injected
in the magnetosphere during substorm activity. These electron populations can accumulate at the
surface of the spacecraft and lead to satellite loss due to the so-called surface charging effects
[e.g., Garrett, 1981; Lanzerotti et al., 1998]. Furthermore, the seed population electrons can be
accelerated to relativistic energies by waves. These relativistic (>1 MeV) particles can penetrate
through satellite shielding and damage the equipment onboard, also leading to satellite loss [e.g.,
Fennell et al., 2000].

To date, there are more than 2200 operational satellites in the Earth’s orbit and many of
them systematically pass through the radiation belts region. Approximately 1400 spacecraft
are in Low Earth Orbit (LEO) at altitudes up to 1000 km. The LEO satellites cross the inner
radiation belt in the region of the South Atlantic magnetic anomaly and the outer belt at higher
latitudes. The second most populated is the geostationary orbit (GEO) with more than 560
satellites flying at altitudes of ~36000 km synchronously with the rotation of the Earth. GEO
satellites generally fly close to the outer edge of the outer radiation belt (L ~ 6.6). Satellites flying
below GEO and above LEO follow the so-called medium Earth orbit. Many GNSS satellites fly
at MEO, for instance, the GPS, GLObal NAvigation Satellite System (GLONASS) and Galileo.
Furthermore, in order to reach GEO, an increasing number of spacecraft are using the electric
orbit raising method and can spend hundreds of days in the MEO region [Horne and Pitchford,
2015; Glauert et al., 2018]. Satellites following MEO systematically pass through the heart of the
outer radiation belt and are exposed to the largest values of electron flux. The number of satellites
in Earth’s orbit will increase significantly in the following years, and in order to ensure the long-
term satellite operation stability, it is necessary to have reliable models of electron intensities at
different energies (from tens of keV up to several MeV) and locations.

The existing radiation belt models can be divided into three main categories: physics-based,
data-driven, and data assimilation models. Several physics-based models of electron flux have
been created for the radiation belts and ring current region. Among them, there are the Versa-
tile Electron Radiation Belt (VERB) [e.g., Subbotin and Shprits, 2009], British Antarctic Survey
Radiation Belts Model (BAS-RBM) [Glauert et al., 2014] and Dynamic Radiation Environment
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Assimilation Model (DREAM) [Reeves et al., 2012; Tu et al., 2013, 2014] codes based on solv-
ing the three-dimensional Fokker-Planck equation to reproduce the dynamics and variability of
the MeV radiation belts electrons. The physics-based models typically include the radial diffu-
sion, losses due to pitch-angle scattering and magnetopause shadowing [Glauert et al., 2018].
Recently, the VERB-4D code has been developed to extend the VERB code to lower-energy
ring current electrons by including advection terms [Shprits et al., 2015; Aseev et al., 2016].
The physics-based Inner Magnetosphere Particle Transport Model (IMPTAM) was developed
and shown to give reasonable flux predictions at energies from several eV up to <150 keV
[Ganushkina et al., 2019]. The low energy electrons are also modeled by the coupled Fok Ring
Current (FRC) [Fok and Moore, 1997] and Comprehensive Inner-Magnetosphere lonosphere
(CIMI) [Fok et al., 2001] models operating online. It should be noted that there is generally a
gap in modeling the electron flux at energies 100-600 keV. Physical modeling at these energies
is considered difficult due to the fact that electric field effects have to be considered [Ganushk-
ina et al., 2011] and also because the physics governing the dynamics of electrons at medium
energies is not entirely understood [Horne et al., 2013].

The data-driven models can be subdivided into static and dynamic ones. AE8 [Vampola,
1997] and AE9 [Ginet et al., 2013] are examples of static models providing the values of elec-
tron intensities from 40 keV up to ultra-relativistic energies. AE8 and AE9 models overcome
limitations of the individual data sets by combining large scale statistics and are currently used
as a reference for engineering purposes [Glauert et al., 2018]. Dynamic data-driven models
typically depend on a combination of solar wind parameters and geomagnetic indices. Several
data-driven models have been developed for the GEO orbit. Denton et al. [2015] developed an
empirical model of electron flux for low energies (10 eV - 40 keV) based on 82 LANL satel-
lites data, driven by the Kp index. Later, the upstream solar wind conditions were incorporated
into the model [Denton et al., 2016], and it was also expanded to 6-20 Rz [Denton et al., 2019]
using Cluster data. For relativistic energies, Balikhin et al. [2011] employed a Nonlinear Au-
toRegressive Moving Average with eXogeneous inputs (NARMAX) technique to predict daily
flux at GEO orbit at energies 800 keV and 2 MeV, using solar wind parameters and the previous

time-series of daily flux from GOES satellites. The NARMAX model was further extended to
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a broader energy range, including electron flux at energies of hundreds of keV [Boynton et al.,
2016]. However, the model needs satellite time-series as inputs and therefore for now is confined
to the geostationary orbit. Several models of the relativistic electron flux are based on the artifi-
cial neural networks, e.g., Ling et al. [2010]; Kitamura et al. [2011]; Chen et al. [2019]; de Lima
et al. [2020]. Other empirical models of relativistic flux developed for the GEO region include
the Relativistic Electron Flux Model (REFM) driven by solar wind velocity [Baker et al., 1990],
an empirical function Dy dependent on several solar wind parameters and Kp [Li, 2004], and
linear regression models [e.g., Sakaguchi et al., 2015; Simms et al., 2014, 2016; Osthus et al.,
2014] which take as inputs the solar wind parameters and previous values of flux at GEO. Tsutai
et al. [1999] used linear filter to predict the values of > 2MeV flux at GEO 1 day ahead using
GOES magnetic field data over the preceding 6 days.

Although a variety of models have been developed for the geostationary orbit, few data driven
models exist that give reliable electron flux predictions at MEO. One of the recently developed
models of electron flux at MEO working with a daily cadence is the SHELLS model [Claude-
pierre and O’Brien, 2020] which takes as input the LEO electron flux values and Kp index and
returns the flux along Van Allen Probes orbit at energies 0.35-1 MeV. The general lack of models
at MEO comes from the fact that many GEO satellites provide continuous high quality observa-
tions of electron flux, while at MEO the temporal and spatial coverage of observations remains
rather sparse [Sakaguchi et al., 2015]. Indeed, only ~ 100 satellites reside in MEO, and only
few of them provide measurements of the radiation belt populations. Among other data sets
of electron flux measurements in the MEO region, the recently released GPS energetic parti-
cle data have notable advantages such as, for instance, the large number of satellites (23) and
uniform MLT coverage, as well as availability of 18 years of observations covering almost 2
solar cycles. Furthermore, most of the GPS satellites carry onboard identical Combined X-ray
Dosimeter (CXD) detectors measuring electron flux at energies 0.12-10 MeV. The GPS/CXD
data have been inter-calibrated with Van Allen Probes electron flux measurements and the two
missions were in good agreement at energies below 4 MeV [Morley et al., 2016].

In the current paper we present the data-driven MERLIN electron flux model, based on ma-

chine learning. For model training we employ the LightGBM algorithm, which is known for its
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high efficiency and accuracy [Ke et al., 2017]. The model takes as input satellite position in an
Lshell - MLT - magnetic latitude (MLat) frame, solar wind parameters with history of velocity,
and geomagnetic indices. The model returns values of locally omnidirectional electron flux aver-
aged over the viewing angle of the instrument at energies 120-600 keV as outputs. The structure
of the paper takes the form of five parts, including this introductory Section. Section 2.2 de-
scribes the data set used for model construction. Section 2.3 is concerned with the methodology

used for this study. Section 2.4 presents the results. The conclusions are drawn in Section 2.5.

2.2 Data set

2.2.1 GPS electron flux data

The GPS spacecraft are distributed across six orbital planes, nominally inclined at 55°. The
satellites follow near-circular medium Earth orbit, with 12h revolution period, at a constant al-
titude. As of 2020, the constellation consists of 74 spacecraft, of which 31 are operational, 9
reserve, 2 being tested and 32 no longer in use [www.gps.gov]. Due to its fixed altitude of
20,200 km (R~ 4.2), the GPS constellation travels through a range of L-shells providing the
particle measurements in the outer radiation belt. We note, however, that the inclination of the
GPS orbit restricts the range of equatorial pitch angles as a function of L-shell. The satellite
at off-equatorial magnetic latitudes cannot observe the particles mirroring at lower MLats and
therefore samples only a part of the equatorial pitch angle distribution.

Since the early 2000s, newer GPS satellites are equipped with either of the two instrument
series: the improved BDD-IIR or the CXD. Most of the satellites currently carry aboard the
identical CXD detectors. Their response is well-known and their electron flux data have been
used in previous radiation belts studies [e.g., Olifer et al., 2018; Pinto et al., 2020]. The CXD
instruments measure the electron flux using two sensors: the low energy particle (LEP) and
the High Energy Particle (HEP) sensors, with the typical sampling rate of 240 seconds [Morley
et al., 2016]. In the present study we use data of the first 5 evaluated CXD energies, namely 120,
210, 300, 425 and 600 keV. As of 2020, 21 GPS satellites are equipped with the CXD detectors,
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providing more than 200 years of satellite data. The CXD measurements were previously cross-
calibrated with the Van Allen Probes electron flux and showed good agreement. Morley et al.
[2016] analyzed the response functions for different GPS satellites and found a small systematic
difference between satellites up to ns-62 and satellites with designators greater than ns-62. To
minimize these differences and cross-calibrate against the Van Allen Probes ECT suite in 2012-
2014 the GPS instrument response functions were updated. The publicly-released data product
uses the updated response functions. The GPS/CXD data showed a good agreement with Van
Allen Probes for energies of up to 4 MeV, while at higher energies larger variance was observed

due to the unaccounted instrumental backgrounds.

The present study is based on 17 years of GPS/CXD electron flux measurements at energies

120-600 keV. The flux values were first cleaned using the ’dropped_data’ flag, and also out-

1 1

liers in the data were removed by setting the minimum allowed flux values to 1 cm?kev~'s~'sr™!.
Furthermore, in order to remove the unrealistic values coming from the forward flux retrieval

procedure, we use a new fit quality flag defined as:

F = max

, (2.1)
observed counts

predicted counts)

log,, (

where predicted and observed are arrays of the counts for the first 5 energies (’model_counts_
electron_fit’ and 'rate_electron_measured’ products in the data files, respectively).
The flag values corresponding to low quality fits were selected to be F' > 0.11, and such data

entries were removed from the data set.

We use data from 20 satellites (ns53-ns59 and ns61-ns73) carrying the CXD detectors [for
details see Carver et al., 2018]. It is of note that the data from ns60 were not used due to the
intermittent quality issues. We train the model on data with the original cadence of measurements
equal 240 seconds. Before fitting the model, we applied the base 10 logarithm to the GPS

electron flux, as the data variance can be up to several orders of magnitude.
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2.2.2 Solar wind and geomagnetic indices
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Figure 2.1. Correlation between different solar wind and geomagnetic parameters based on 2001-2016
OMNIWeb data.

The relationship between the electron flux intensities in the outer radiation belt and solar wind
parameters has long been recognized [e.g., Paulikas and Blake, 1979; Reeves et al., 2011]. Nu-
merous studies have analyzed contributions of the solar wind parameters to flux enhancements.
The independent contributions of solar wind velocity and number density were investigated, for

instance, by Balikhin et al. [2011]; Kellerman and Shprits [2012]; Simms et al. [2014]. A com-
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bination of velocity and density, pressure and geomagnetic indices, combined with the previous
daily flux value, was examined by Sakaguchi et al. [2015]. Long-term relationship between
velocities and MeV electron fluxes was discussed in Reeves et al. [2013].

It has been well established that the radiation belts flux enhancements are connected with
changes in solar wind speed. Reeves et al. [2011] analyzed the relativistic electron flux at GEO
with respect to the solar wind speed and noted that the resulting distribution resembled a triangle.
Such a shape was explained as follows. The V,, values rarely fall below 300 km/s, and this leads
to a left-hand side of the triangle [see also Wing et al., 2016]. The top side of the triangle
forms due to the fact that the flux values seem to have a sharp maximum at higher V,, for
which multiple explanations have been given. One of the most puzzling features of the triangular
distribution is that the variability of electron flux at lower Vi, is much larger than at higher V,.
Reeves et al. [2011] noted that the electron flux can exhibit large values under any V,, values.
The triangular form demonstrates that using the values of the solar wind velocity and density is
not enough to fully explain the variability of flux and therefore other parameters have to be taken
into account.

We consider the following solar wind parameters and geomagnetic indices obtained at the
OMNIWeb database [omniweb.gsfc.nasa.gov]. First, amongst the solar wind drivers, we analyze
the solar wind velocity, and its components V,, V,, V.. We analyze the IMF magnitude, B,,
B, and B, components, and also solar wind density ny,. We employ the derived solar wind
quantities: magnetosonic and alfvenic Mach numbers (Mach_a and Mach_m, respectively), solar
wind temperature T, electric field (v¥B,), dynamic pressure (Pdyn) and plasma Beta. From
geomagnetic indices, we select SYM-H, SYM-D, ASYM-H and ASYM-D indices, planetary
Kp index and auroral AL, AU and AE indices. It has been previously established that many of
these features are, in fact, correlated with one another. In Figure 2.1, we show the Pearson linear
correlations between different solar wind and geomagnetic parameters in order to examine which
features can be used for the model setup.

We find that V, is perfectly anticorrelated with V, with the -1.0 coefficient, which is as ex-
pected since V, consitutes most of the V amplitude. V| correlates with V with only 0.19 corre-

lation, and V, shows zero correlation with velocity magnitude. SYM-D does not correlate with
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any of the features, except for very weak (0.14) relationship with SYM-H. SYM-H, on the other
hand, correlates with several parameters. For instance, it exhibits a moderate positive correlation
with the solar wind velocity (0.43), and negative correlation with ASYM-H (-0.6) and ASYM-D
(-0.47). Furthermore, it correlates with auroral geomagnetic indices with approximately 0.5 cor-
relation coeflicient, and is also weakly anti-correlated with the electric field (v¥B;). ASYM-D
index is correlated with ASYM-H with the R-value of 0.65, and also with auroral indices with
the absolute value of the linear correlation ~0.6. In turn, ASYM-H index shows weak linear
correlation with solar wind velocity (0.32), IMF (0.49), dynamic pressure (0.36), and exhibits
higher correlation with the auroral indices with the corresponding R values of up to 0.7. Kp
index exhibits moderate positive correlation with the IMF magnitude (R=0.56), solar wind ve-
locity (0.59), temperature and dynamic pressure (R~0.5), stronger positive correlation with AE
(R=0.7) and the corresponding AU and AL indices, along with 0.5 correlation with SYM-H. It
should be noted that the Kp index has a 3-hour cadence, and therefore shows lower correlation
with AE than one would expect. By averaging the AE index to the same 3h cadence, one obtains
a correlation of 0.82. IMF magnitude shows weak correlation (0.3) with solar wind density and
temperature, moderate (0.5) correlation with dynamic pressure and Mach numbers.

We note that although the gradient boosting regression trees are prone to the multi-collinearity
of features [e.g., Maloney et al., 2012; Ding et al., 2016], using highly correlated inputs can pose
a disadvantage for machine learning studies. For example, when 2 parameters are correlated
we can achieve the same reduction in variance as by using only one of them. Here we remove
several correlated and derived quantities leaving the more in-depth analysis of the influence that
different parameters have on the electron flux for further studies. First, we exclude directional
components of magnetic field and velocity. Furthermore, we exclude all of the derived quan-
tities, because they encompass information of their original constituent variables (for instance,
dynamic pressure strongly correlates with density). Magnetosonic and Alfvenic Mach numbers
essentially represent the normalized velocity and it is enough to consider the velocity itself. We
apply the same reasoning to the geomagnetic indices selection: AE is a product of AL and AU
indices, and also correlates with them, which is why we only use AE for model setup. AE and Kp

indices are generally strongly correlated. While Kp is a measure of the planetary geomagnetic
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activity, substorms are better resolved by the AE index. Furthermore, Smirnov et al. [2019b]
reported the long-term positive correlation of electron flux at energies up to 400 keV with AE in-
dex along the solar cycles 23 and 24. The same conclusion was drawn in [Smirnov et al., 2020b]
by analyzing the long-term PSD variations of low-u electrons, indicating the importance of the
substorm activity for radiation belts transport processes. For these reasons we include both Kp
and AE indices as inputs.

The inner edge of the outer belt is highly dynamic and can move inwards during slot-filling
events and outwards during the quiet periods. Li et al. [2006] reported a correlation between
the 30-day averages of the innermost edge of the outer belt and the plasmapause location (Lpp)
using 12 years of SAMPEX data. The flux values in the slot region, located below the Lpp,
are lower than those beyond the plasmapause due to loss processes attributed to storm-enhanced
EMIC and plasmaspheric hiss waves [Li et al., 2006] . O’Brien and Moldwin [2003] presented a
model of the plasmapause location parametrized as a function of the maximum AE value over the
preceding 36 hours. Furthermore, the Lpp model based on the AE index was found to perform
better than that using the Dst values. In order to account for the dynamics of the inner edge of
the outer belt, we include the maximum value of the AE over 36 hours as an input parameter. We
do not apply the linear regression coeflicients to convert the max(AE) to Lpp, as the Regression
Trees are invariant to linear scaling operations [e.g., Druzhkov et al., 2011].

After the enhancement events, the flux of medium energy electrons decay to their pre-storm
values gradually over a period of up to 20 days [e.g., Meredith et al., 2006]. Such a slow decay
can be explained by the longer hiss lifetimes, which by different estimates vary from several
up to tens of days [Orlova et al., 2016]. Hence, it is crucial to include some indication of the
previous state of the radiation belts into the model. This is usually done by adding the preceding
values of flux as model inputs [e.g., Simms et al., 2016, 2014; Boynton et al., 2016]. Instead,
in the MERLIN model we include the history of solar wind velocity as a proxy of the previous
activity. We use the averaged vy, values over the preceding 1, 2, 3, 6, 9, 12, 15, 18, 21, 24, 30,
36, 42 hours and 2, 3, 7 and 14 days. It should be noted that the averages over longer periods
of time also carry part of the information from shorter scales averages. In this study we only

consider the history of solar wind velocity, while adding the history of number density leads
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Input Output
GPS fluxes at:
1. Satellite position :
(L-shell, MLT, latitude) \ LIghtGBM > 120 keV
2. Solar wind parameters > 210keV
(v_sw, n_sw, IMF, v'Bz) > . . o
—> 300 keV
3. Time history of v_sw —r —
425 keV
4. Geomagnetic indices _—7 ~.
(SYM-H, Kp, AE) 600 keV

Figure 2.2. Schematic representation of the model workflow. The input parameters include the satellite
position in L-MLT-latitude frame, solar wind parameters with history of velocity, and geomagnetic in-
dices. The inputs are supplied to the LightGBM algorithm in order to return the flux values at energies
120-600 ke'V.

to overfitting, as discussed in Section 4.1. In sum, as input parameters we select the satellite
position in the L-MLT-magnetic latitude frame, geomagnetic indices SYM-H, Kp and AE, solar
wind parameters - number density, electric field (v¥*B,) and velocity with 2 weeks of history (see
also Figures 2.2 and 2.4). L-shell values were calculated using T-89 model with the internal field
given by IGRF. More features can be incorporated into the model in future, however preserving

the methodology, and the more refined feature selection will be performed in a separate study.

2.3 Methodology

Large and growing volumes of data have been provided by the satellite missions in the Earth’s
radiation belts region. One of the efficient ways to utilize these long-term data sets for modeling
is to apply ML techniques. Over the years, machine learning has found numerous applications in
the field of space physics research. ML methods have been employed for the geomagnetic indices
forecast [e.g., Bala et al., 2009; Shprits et al., 2019], global reconstructions of the plasmaspheric
dynamics [Zhelavskaya et al., 2017; Bortnik et al., 2018], solar activity prediction [e.g., Colak

and Qahwaji, 2009]. Prediction of the electron flux in the outer radiation belt remains one of the
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most challenging tasks in the space weather research [Camporeale, 2019]. In the present study,
we use the Light Gradient Boosting approach, described in detail below, to predict the flux of

medium energy electrons using the GPS particle data.

2.3.1 Light Gradient Boosting Machine (LightGBM)

One of the predictive approaches, widely used in machine learning, is the so-called Gradient
Boosting Decision Tree (GBDT) method. The GBDT algorithms gained popularity for being
efficient, highly accurate and interpretable. GBDT is an ensemble model of usually shallow
decision trees, also called weak learners, trained in sequence [Friedman, 2001]. Growing each
individual tree starts from the source set contained in a root node of the tree (shown in Figure
2.2). When a split is made, the root node is divided into two subsets, and 2 branches are gen-
erated [Ren et al., 2019]. The procedure is repeated recursively until either the subset at each
node contains all identical values of the target variable, or when the splitting is constrained by
the algorithm’s hyperparameters (e.g., max_depth or num_leaves is reached). The GBDTs
are grown iteratively and each new tree fits the residuals of the previous iteration to account
for the mis-modeled instances [Freund et al., 1999]. GBDTs have been applied successfully to
many machine learning problems, performing well for regression and classification tasks alike.
Numerous GBDT implementations have been developed, starting from Adaptive boosting (Ad-
aBoost - [Freund et al., 1999]). One of the most popular gradient boosting methods up to date
is the Extreme Gradient Boosting Machine (XGBoost) [Chen and Guestrin, 2016], famous for
winning machine learning competitions and out-performing even the deep learning neural net-
work models on tabular data. Even though the gradient boosting methods are capable of giving
high quality predictions, their main limitation is the unsatisfactorily long training time and poor
scalability [e.g., Zhang et al., 2019].

The main cost in GBDT lies in learning the decision trees, and the most time-consuming part
in learning each tree is finding the optimal segmentation points. In the conventional algorithms
this is usually done using the so-called pre-sorted algorithm. This method enumerates all possible

split points on the pre-sorted feature values. While being simple and effective, this method is also
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known to be inefficient in training speed and memory consumption [Ke et al., 2017]. Another
more recent method is the histogram-based approach. It divides the continuous features into k
intervals and selects the split points from those k values [Ju et al., 2019]. Such an approach also
has regularization effect and helps prevent overfitting.

One of the GBDT implementations, called the Light Gradient Boosting Machine, or Light-
GBM, has been recently developed by Microsoft [Ke et al., 2017]. LightGBM addresses the
traditional GBDT performance issues by, first, using the histogram approach to find segmenta-
tion points, and second by uzilizing a different approach to the tree growth. The conventional
gradient boosting, and also other tree-based methods such as random forest, grow the trees level-
wise. This means that when it is necessary to make a new split, a new level of leaves will be
grown. In contrast, the LightGBM method grows the trees leaf-wise which adds only one more
leaf and not level when a split is made. Such an approach leads to much faster and less com-
putationally expensive implementation of the gradient boosting [Ke et al., 2017]. It has been
demonstrated that LightGBM can be as much as 20 times faster than XGBoost while reducing
more loss.

The objective of this study is to predict values of electron flux at a range of L-shells through-
out the outer radiation belt. Since the quantity being modeled can be represented by real num-
bers, we construct a regression gradient boosting model. The model setup is described in detail

in Section 2.3.3.

2.3.2 Test - train splitting of the data

Any supervised machine learning model learns on the so-called training dataset. The training set
is seen by the model and usually contains most of the employed data points. Machine learning
algorithms are trained iteratively trying to reduce the cost function value at each training iteration
[Camporeale, 2019]. At some point, the model learns not only the useful dependencies from the
data, but also noise due to reducing the cost function to extremely low values, which results
in over-fitting. The performance of the model cannot be adequately evaluated on the data that

were used to train it. Therefore, another set is needed to give an unbiased estimate of model
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performance and also for tuning the hyperparameters. This second set is called a validation set.
Since these data had not been seen during training, the loss function value would decrease only
in case when the model captured the underlying general dependencies from the data. However,
it has to be noted that since the loss function is being routinely evaluated on the validation set,
the model occasionally sees it as well, although never learns from it. Therefore, it is essential
that after training the model and checking its performance on the validation set, the model be
evaluated one last time on the fraction of data that had never been used before, neither for training
nor validation. The data set used for this purpose is called a test set. In many machine learning
competitions (e.g., Kaggle), only the training and validation sets are given to the competing
teams, while the test set is released after the model submissions and decides the winner.

Multiple ways have been proposed to separate the data set into the training, validation and
test parts. In fact, very different strategies can be applied based on the field and objective of the
study. For instance, in social sciences the accepted methodology would be to use the random test-
train split, that is, when points for training, validation and test sets are selected randomly from
the original full dataset. This, however, should not be applied for modeling the time-series and
physical processes, due to the fact the validation points (usually 10-20 percent of values) can then
be obtained by linearly interpolating the typically larger training set. Such a selection technique
might introduce what is referred to as the data leakage [e.g., Camporeale, 2019]. Hence, it is
important to validate, and then test the model on the events unseen during training. For that
purpose, we should select the consecutive time intervals for validation and testing. One of the
ways to achieve this is to use, for example, first 80 percent of data for training, the next 10
percent for validation and then test the model on the last 10 percent of the data. However, in
case of magnetospheric phenomena we have to take into account the solar cycle evolution of
the processes we model. Indeed, the radiation belts dynamics during the descending and quiet
phases of the solar cycle are vastly different. Therefore, the model will be trained on some part
of the solar cycle and validated on another, which would not yield an adequate estimate of its
performance. In order to take the solar cycle dependence of the radiation belt dynamics into
account, we perform a 10-fold cross-validation, described below.

We first reserve >1.5 years of data (March 2016 - January 2018) for testing the model. This is
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done due to the fact that on one hand, this interval had numerous solar wind enhancement events
and also had enough data points (~1.100.000) for such evaluation. The entire data set consists
of ~ 5.5 million data points, and therefore approximately 20% are reserved for test set.

The rest of the dataset is used for the K-fold CV, illustrated in Figure 2.3. The data are
divided into K roughly equal parts (in our case, K=10). At every such split the model is fitted
on the (K-1) parts and validated on 1 part that was left out. For instance, during the first split we
use the first fold for validation and fit the model on the rest of the data. This splitting process
is repeated K times, each time selecting a different interval for validation. At each split, the
previous model is being discarded and a new one is being trained and validated on the newly
selected data. The K-fold allows one to utilize all observations for training and evaluating the
model, and each of the data points is used for validation only once. The K-fold CV is used
to optimize the hyperparameters and also to retrieve the accuracy of the model, averaged over
different phases of the solar cycle. The final model is then trained on the entirety of the training

and validation sets.

2.3.3 Model setup

In this study, we use the LightGBMRegressor method as implemented in the Python version of
lightgbm library [Ke et al., 2017].

LightGBM has a variety of algorithm parameters, also called hyperparameters, that can have
a non-negligible effect on the model performance. Several of them have to remain fixed, while
others need to be optimized to achieve higher accuracy. Some of the parameters that do not
change, include the objective (in our case, regression), the booster method (we use gbdt,
although we note that other possibilities are available using the novel DART and GOSS methods
[Ke et al., 2017]), metrics of the loss function values (we select both L1 and L2 metrics, repre-
senting the MSE and MAE, respectively), and the early_stopping_rounds parameter which
is used to stop the model training once overfitting occurs. The learning_rate controls how
much the model is adjusted on each iteration. In case of the high learning rate, the algorithm

makes faster fits that can cause overfitting, while in case of extremely low values the training
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Figure 2.3. Schematics of the K-fold cross-validation CV. The last 1.5 years of data are reserved as the
test set, never to be used during training and validation. The rest of the data are then divided into K equal
parts (here, K=10) and at every split the model is trained on 9 parts and validated on 1 part. The training
process is repeated 10 times, each time withholding a different set for validation. Thus, the model uses
all observations for training and validation, and each of the data points is used for validation only once.
The final evaluation is performed on the test set.

speed drops sufficiently and more iterations are needed to reach convergence. We select the
learning_rate of 0.05 and keep it fixed throughout further tuning. Other parameters need to
be optimized. The most sensitive hyperparameter is the maximum number of leaves in a tree,
or num_leaves. Deeper trees have better learning capabilities, but since the gradient boosting
model represents an ensemble of weak learners, the num_leaves is usually not very high, in our
case ranging from 15 to 250. Another important parameter is the minimum number of data points
in leaf (min_data_in_leaf), which has regularization effect and stops the model from learning
the noise. However, the large values can cause decrease in model accuracy. One can also use the
subset of the input features for training each individual tree by setting the colsample_by_tree
value. To optimize the said hyperparameters we use the hyperopt Python library [Bergstra
et al., 2013] which employs the Tree of Parzen Estimator (TPE) approach. The resulting hyper-

parameters values, as well as their search domains are given in Table 2.1.
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Table 2.1. LightGBM hyperparameters used for model set up. First 5 parameters were kept fixed, while
the next ones were optimized using HyperOpt.

Name Search Range Value
’objective’ fixed "regression’
"boosting_type’ fixed “gbdt’
‘metric’ fixed 'L1” & ’L2’°
’learning_rate’ fixed 0.05
’early_stopping_rounds’ fixed 50
‘num_leaves’ 15-250 93
"reg_alpha’ 0-1 0.80
’reg_lambda’ 0-1 0.09
'min_data_in_leaf’ 10 - 1000 79
"colsample_by_tree’ 07-1 0.99

2.4 Results and discussion

2.4.1 Feature importances

One of the advantages of the tree-based machine learning methods, LightGBM included, lies in
the fact that the resulting model can be easily interpreted. Every tree comprising the model can
be visualized and can give direct information about the individual split gains, internal values in
each leaf and the decision making process in general. In practice, it is often not possible to ana-
lyze the model in this way due to the large number of trees in an ensemble (in our case, ~300).
The insight on the model construction can then be obtained indirectly, for example, by analyzing
the importance scores of each variable, also called feature importances. They are computed for
each GBDT and then averaged across all of the trees forming the model. There are multiple ways
to retrieve the feature importances. LightGBM utilizes the so-called split or gain methods.
The split method counts the number of times each variable was used to make a split. The gain
method summarizes all gains of splits which use each of the features. It has been well established
that the two methods can, in fact, give different results, and also that feature importances esti-
mated this way only carry information about how the particular model was constructed, rather
than physical meaning. Furthermore, removing one of the features can potentially redistribute its

feature importance between several other variables and yield a different result altogether. Other
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Figure 2.4. Feature importances estimated using the intrinsic LightGBM gain and split methods for 210
keV electron flux.

methods, which are more stable, include the mutual information criterion, permutation method
[Auret and Aldrich, 2011] and the recently developed Shapley values technique [Lundberg and
Lee, 2017]. These methods require an in-depth analysis which is beyond the scope of the present
paper and will be evaluated in future studies. In the present Section we confine to describing of
the key attributes of the MERLIN model. Feature importances estimated using the split and
gain methods are shown in Figure 2.4. MERLIN uses the satellite position (Lshell, magnetic
latitude, MLT), as well as values of the SYM-H, Kp, and AE indices and solar wind density
(n_sw), IMF, electric field (El_field) and solar wind velocity. Plasmapause location is denoted

as Lpp. Furthermore, the time history of velocity is incorporated into the model in the form of
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averages over the certain time intervals. We use the progressively increasing time steps, from 1
hour (1h) up to 3 days (3d) and also the averages over 1 and 2 weeks (2w).

We find that the most important features by gain are the L-shell and maximum of AE over 36
hours, which is a proxy of the plasmapause location (Figure 2.4). Indeed, the values of electron
flux depend on these quantities to a large extent, due to the fact that the electron intensities are
higher in the heart of the outer belt, and then decrease to the outer edge of the belt and also in
the opposite direction towards the slot region, which is reflected in the L-values. The importance
of the plasmapause location has been discussed in [Li et al., 2006], and it was shown that Lpp
correlated with the inner edge of the outer belt. The flux values drop significantly below the
Lpp, although it is of note that the relationship between the innermost location of the outer
belt and Lpp is energy dependent [e.g., Reeves et al., 2016; Ripoll et al., 2016]. Among the
instantaneous values of solar wind and geomagnetic indices, the SYM-H index, which is a proxy
of geomagnetic storms, shows the most importance in both split and gain methods. We also note
that the time history of solar wind velocity plays an important role. For the 210 keV electrons,
the average velocity over 6 hours and also over 1 and 2 weeks have the most importance based
on impurity reduction (Figure 2.4). The importance of the 2 weeks average of vy, likely comes
from the fact that following the flux enhancement events, velocity drops to quiet time values
faster than the electron intensities which remain at elevated levels for longer periods of time.
Using Combined Release and Radiation Effects Satellite (CRRES) data, [Meredith et al., 2006]
demonstrated that the flux values elevated by the substorm or storm processes decay to their
pre-storm values gradually, and that the flux can fall by 2 orders of magnitude over a period of
approximately 20 days. Therefore, an indicator of the past events is needed in order to correctly
reproduce the dynamics of the flux decay. In the MERLIN model we do not use any previous
values of flux and hence it is the history of velocity that the model uses as such an indicator. We
note that AE and Kp indices exhibit very close feature importance values, because being highly
correlated with one another, they produce equal reduction in variance when making splits.

Figure 2.5 shows the influence of the solar wind history on the model performance on the
example of 425 keV electrons. The MSE of the model with no solar wind history employed

is shown as black dots. We further add the history of solar wind velocity of up to 14 days
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Figure 2.5. MSE on the training (a) and validation (b) data for 425 keV electron flux depending on solar
wind history. The black dot represents the model with no solar wind history employed. Averages of
solar wind velocity (blue curve) are added as model inputs and reduce both training and validation error.
Including also the history number density reduces the training but not the validation error and leads to
overfitting. The vertical dashes represent the standard errors of the 10-fold CV.

with gradually increasing time steps. The MSE gradually decreases as more history is included,
both on training and validation data. On the other hand, including also the time history of solar
wind density decreases the training but not the validation error. In Figure 2.5 it can be seen
that while the training MSE is lower at every time step when density is included, the validation
MSE changes very slightly as compared to using velocity history alone and remains within the
error bar, indicating overfitting. Furthermore, it was observed that adding averages of solar wind
velocity of more than 2 weeks also results in overfitting. Therefore, we only use the history of

velocity of up to 14 days as inputs.
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2.4.2 Results of 10-fold cross validation

Multiple metrics can be used to evaluate the model accuracy [for details see Morley et al., 2018;
Liemohn et al., 2018]. The LightGBM library offers a variety of metrics implemented for model
analysis. The default metric is the MSE, which is computed at each training iteration. It should
be noted that the electron flux can exhibit strong depletions, up to several orders of magnitude,
over short times [Ganushkina et al., 2019]. The mean squared error is susceptible to outliers
, and therefore we also evaluate the median of the squared error. In Table 2.2 it can be seen
that both for training and validation sets, median of the squared error is ~3-4 times lower than
the MSE. This means that while some of the rapid depletions/enhancements are not completely
reproduced, the value of the median squared error of 0.06 shows that the model predictions are

very close to the observed data.

Table 2.2. Metrics evaluated on the training and validation sets during 10-fold CV, and on the test data
for 425 keV electrons. The standard error for the 10-fold CV are shown in brackets.

Metrics Training Validation Test
Mean SE  0.12 (£0.010) 0.26 (+0.019) 0.20
Median SE  0.04 (£0.004) 0.06(+0.009) 0.06
MAE 0.19 (=0.010) 0.26 (+0.012) 0.24
NRMSD  0.04 (x0.006) 0.08 (£0.007) 0.07
r? 0.84 (£0.015) 0.63 (£0.019) 0.59
Spearman p  0.89 (£0.005) 0.85(+£0.012) 0.81
Ratio 1 1 1

Another useful metric, implemented in the LightGBM library, is the median absolute error,
denoted as MAE. Evaluating the median error allows one to pay less attention to the outliers
but gives a good proxy of model performance otherwise. In our case, MAE values are close for
the training (0.19) and validation sets (0.26). These values of MAE mean that in general, the
predicted values differ from observations by a factor of ~1.5, which is considered acceptable for
radiation belt modeling. The scale-dependent metrics can be difficult to interpret, since the model
predicts base-10 logarithms of flux and also because the level of flux is generally different for
different energies. We evaluate the normalized root mean squared deviation (NRMSD), defined

in [Denton et al., 2019, eq. 1]. The zero value of NRMSD corresponds to the perfect prediction,
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and the values of < 1 generally indicate a good match between the model and data [Denton et al.,
2019]. From Table 2.2 one can see that the values of NRMSD are close to 0 (0.04 for training
and 0.08 for the validation set), indicating that the model reproduces the observations very well.

The metrics mentioned above mainly quantify how far the predictions deviate from obser-
vations at stationary points. In order to evaluate how well the model reproduces the dynamical
behavior of the electron flux, we employ the following metrics. First, we evaluate the correlation
between the predictions and observations. The standard Pearson linear correlation coefficient is
susceptible to outliers, and therefore we use the Spearman rank correlation coefficient (o). From
Table 2.2 it can be seen that the correlations are high both for training and validation sets, based
on the 10-fold CV. The average correlation on the training set is 0.89 and is slightly higher than
that on the validation (0.85), which is as expected since the model was fitted on the training data.
The high values of the correlation coefficient show that the model captures the behavior of flux
at energies 120-600 keV, which are known to be very dynamic and can exhibit drastic changes
on the order of several minutes.

Another popular metric widely used in machine learning is the r-score. This indicator is
used to quantify the fraction of variance explained by the model [e.g., Morley et al., 2018]. The
average r” for the training data is 0.85, and 0.63 for the validation set. While these values appear
low, we conduct a more detailed analysis of the 7* on the synthetic data (shown in the Supporting
Information of Smirnov et al. [2020a], Figure S1). We first generate a harmonic function - a
sinusoid, for 20 periods of 2z each, and then add random noise of maximum magnitude equal
0.2. The electron flux are known to exhibit rapid depletions of up to several orders of magnitude,
and to account for this we add 60 dropouts where we subtract 2 units from the synthetic signal.
We compute the values of the r* for the case with and without outliers. The initial sinusoid
signal compared to the data with no outliers yields prediction efficiency of ~0.9, while the data
in presence of outliers give a lower r? value of ~0.6, which is approximately equal to the value we
have for MERLIN on the validation set. This means that the model can adequately reproduce the
behaviour of flux but miss some of the dropout magnitudes, which results in the lower prediction
efficiency. This will be further discussed while analyzing the performance on the test data.

Figure 2.6 demonstrates the model performance, averaged over the 10-fold CV, for individual
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Figure 2.6. Model performance on training and validation sets averaged over the 10-fold cross validation.
Median absolute error values are shown in (a), and Spearman correlation coefficients are given in (b).

energy channels. Figure 2.6a shows the median absolute error. It can be seen that the best
performance is achieved for 425 keV electrons, although we note that the MAE for other channels
is only slightly different. We find that the accuracy improves with higher energies (MAE for 120
keV on the validation set is 0.36 compared with ~0.26 for 425 keV). The accuracy then slightly
decreases from 425 keV to 600 keV electrons. Same can be seen in terms of the correlation
(Figure 2.6b) - the averaged correlation on the validation sets is ~0.80 for 120 keV and ~0.85
for 300 keV. The p value then slightly decreases to 0.84 for 600 keV. The difference between
Spearman correlation coefficient is generally very small between the energy channels (on the
order of a few percent). It should be noted that the values of MAE and the correlation for
each individual channel show that the MERLIN model well predicts both amplitudes and flux

dynamics throughout the considered energy range.

2.4.3 Performance on test data

The training set is used to learn the model, and the model is constructed so as to minimize the

error on the validation set. On each iteration, the MSE and MAE values should decrease for the
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Figure 2.7. Model performance on the test set for 300 keV electron flux. (a) GPS CXD measurements;
(b) prediction using the MERLIN model; (c) logarithmic difference between the observed and predicted
flux; (d) comparison of observed (red) and predicted (blue) flux at the fixed L-shell of 5.2 with the original
satellite cadence; and (e) solar wind velocity over the test time interval.
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training set as the gradient boosting model adjusts the residuals to fit the training set better, and
then the updated model is evaluated on the validation set. If the validation error reduces, the
training continues to a new iteration (i.e., grows a new GBDT). The model never learns from
the validation set, however, it is still being used on every training iteration. We therefore need
another totally independent set of values to check that the model generalizes well onto the unseen
data. It is of note that this test set can only be used once to evaluate the performance, after the
model training has been completed, and no further changes to the model can be made. More
details on the train-validation-test splitting of the data can be found in Section 2.3 and in Figure
2.3.

The values of different metrics discussed above are given in Table 2.2. We find that the
values on the test set are close to those on the average of the validation sets. MAE values are
equal to 0.26 and 0.24 on the validation and test data sets, respectively. MERLIN yields NRMSD
values of 0.08 for test and 0.07 for validation data, which show that the model performs well on
both sets as the NRMSDs are close to zero. The values of the Spearman correlation coefficient
are very close for the test data (0.81) and the average validation (0.85). The mean and median
squared errors also yield almost identical values for validation and test sets, and their differences
are within the error bar. In general, all of the metrics exhibit values which are sufficiently close
on test and validation sets and are slightly lower than on training data. This means that the
model successfully learnt the underlying relationships between the input parameters and the
resulting electron flux on the training data, yields good accuracy on the validation intervals, and
generalizes well onto the unseen data.

Figure 2.7a shows the GPS electron flux from all 21 spacecraft for March 2016-December
2017 for 300 ke V. Figure 2.7b gives the flux values from the MERLIN model, and the difference
between the predicted and observed flux is shown in Figure 2.7c. Figure 2.7e demonstrates
the solar wind velocity for the test set. It should be noted that numerous solar wind velocity
enhancements happened during the test interval with vy, rising up to >700 km/s. These events
generally correspond to increases in electron flux, but it can be seen that after the velocity drops
to its quiet time values the flux remains elevated for longer periods of time. For instance, vy,

increased up to 700 km/s at the beginning of September 2016 (detailed illustration is in the
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supplementary Figure S2 of Smirnov et al. [2020a]) and caused a rapid increase in electron flux
by over an order of magnitude. The velocity then started decreasing and within 1 week dropped
to 500 km/s while the flux remained at the elevated levels. Within a few days, velocity continued
decreasing until it reached <300 km/s but the electron flux had a much longer decay, and even
after ~1 week of very low velocities the flux did not fall to the pre-event values.

In general, the model adequately reproduces all of the major flux enhancement events and
also reproduces well the flux decay due to consideration of the velocity history. We note that for
L-shells lower than 5, the flux enhancements are sometimes followed by periods of the increased
data variance (Figure 2.7a). The most likely explanation lies in the fact that the GPS electron flux
data are a derived quantity. As such, the fluxes are computed using a forward model combining
3 relativistic Maxwellians (in energy) and a Gaussian (in log of momentum) [see Morley et al.,
2016, for details]. The electron energy spectra inside the plasmapause can have local peaks,
and intense plasmaspheric hiss can generate a reverse spectrum in the energy range of hundreds
of keV [Zhao et al., 2019]. At lower energies, spectra are not always well-captured due to the
limitations of the spectral form [see Section 3.2 of Morley et al., 2016], while this effect is not
observed at higher energies. As expected, such events are not reproduced by the MERLIN model.

The Spearman correlation between the observed and predicted flux is approximately 0.81.
It is, however, important that the model reproduces not only the flux along the GPS orbits but
is also capable of giving reasonable prediction at fixed L-values. Figure 2.7d shows the GPS
observations and the MERLIN output for L of 5.2. The correlation between the two is 0.76 and
the mean squared error is 0.06. One can therefore conclude that the model generalizes well on
the unseen data, both at a fixed L and along the orbit. The same conclusion can be drawn for the
600 keV population, demonstrated in Figure 2.8.

Figure 2.9a-e shows the occurrence density plots of the observed versus predicted flux for all
5 energies considered. Solid white lines show the one-to-one relationship between observations
and predictions, and the dashed likes represent the flux deviating by a factor of 5. In general, the
occurrence maxima follow the trend and most of the points are within the factor of 5 from the
trend line. Figure 2.9f provides an example of the histogram of model residuals for the 210 keV

population. From the Figure it is evident that the model has very low bias of ~ 0.05, depicted by
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Figure 2.8. Same as Figure 2.7 but for 600 keV electron flux.
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a green line. Furthermore, the errors are normally distributed and the 10-th and 90-th percentiles
are ~ £-0.51 and 0.52, respectively, meaning that 80% of the model residuals are within a range
of £0.5. Therefore, we can conclude that MERLIN predicts the electron flux in 120-600 keV

energy range well, has low bias and captures all of the general trends represented in the data.

2.5 Conclusions

A new data-driven model of the electron flux in the outer radiation belt is presented. The model
uses satellite position and a combination of geomagnetic indices and solar wind parameters (with
time history of velocity) in order to predict the flux values at energies 120-600 keV. The model
has been trained and validated on more than 15 years of GPS electron flux data, and tested on
>1.5 years of observations. The 10-fold cross validation shows that the MERLIN model predicts
the MEO radiation environment well, capturing both the dynamics and amplitudes of electron
flux. The results of the 10-fold cross validation agree well with the evaluation on the test data
meaning that the model is able to generalize well onto the unseen events. Predicted values of
flux exhibit high correlation with the observations (~0.8) and low values of error.

The MERLIN model can have wide Space Weather applications. It can be used by the sci-
entific community to analyze specific events as well as to reconstruct the long-term radiation
belt dynamics at the 120-600 keV energy range, for which there is generally a lack of models.
Furthermore, it is of use for satellite operators for the nowcast of the MEO environment and can
provide information for the surface charging analysis. We note that the model was trained on the
data from the GPS constellation, which follows an inclined orbit. Therefore, at higher magnetic
latitudes the satellites sample only a part of the equatorial pitch angle distribution. However,
using the appropriate pitch angle models it is possible to reconstruct the values of equatorial flux
from MERLIN predictions [e.g., using a methodology of Allison et al., 2018]. Further directions
for the present study include, first, a more refined analysis of the feature importances using the
appropriate permutation and Shapley values methods and the corresponding feature selection.
Second, as GPS continues to probe the outer radiation belt, more data can be incorporated into

the model.
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radiation belt *

Abstract

In this study we analyze the storm-time evolution of equatorial electron pitch angle distributions
in the outer radiation belt region using observations from the Magnetic Electron Ion Spectrometer
(MagEIS) instrument aboard the Van Allen Probes in 2012-2019. The PADs are approximated
using a sum of the first, third and fifth sine harmonics. Different combinations of the respective
coeflicients refer to the main PAD shapes within the outer radiation belt, namely the pancake,
flat-top, butterfly and cap PADs. We conduct a superposed epoch analysis of 129 geomagnetic
storms and analyze the PAD evolution for day and night MLT sectors. PAD shapes exhibit a
strong energy-dependent response. At energies of tens of keV, the PADs exhibit little variation
throughout geomagnetic storms. Cap PADs are mainly observed at energies <300 keV, and their
extent in L shrinks with increasing energy. The cap distributions transform into the pancake
PADs around the main phase of the storm on the nightside, and then come back to their original
shapes during the recovery phase. At higher energies on the dayside, the PADs are mainly
pancake during pre-storm conditions and become more anisotropic during the main phase. The
quiet-time butterfly PADs can be observed on the nightside at L> 5.6. During the main phase,
butterfly PADs have stronger 90°-minima and can be observed at lower L-shells (down to L= 5),
then transitioning into flat-top PADs at L~ 4.5 — 5 and pancake PADs at L< 4.5. The resulting
PAD coefficients for different energies, locations and storm epochs can be used to test the wave

models and physics-based radiation belt codes in terms of pitch angle distributions.
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3. Storm-time evolution of equatorial electron PADs in Earth’s outer radiation belt

3.1 Introduction

The radiation belts of the Earth contain charged energetic particles, mainly electrons and protons,
trapped by the geomagnetic field. The energetic electrons are primarily observed in two regions,
namely the inner (L< 2.5) and outer (3.5 <L< 7) belts, separated by the slot region where fluxes
typically drop by several orders of magnitude [e.g., Ganushkina et al., 2011]. The radiation
belt electrons can be characterized in terms of their flux intensity and angular distributions [e.g.,
Clark et al., 2014]. These distributions, also named the pitch angle distributions, play a crucial
role in understanding the dynamics of the radiation belts, as specific PAD types can reveal the
processes governing the particle transport, source and loss mechanisms, and wave activities [e.g.,

Horne et al., 2003; Gannon et al., 2007; Ni et al., 2015].

There are several common types of pitch angle distributions in the radiation belt region.
The so-called pancake, or normal, PADs have a maximum flux at 90° pitch angle (PA) with a
smooth decrease in flux towards the loss cone [e.g., West et al., 1973]. The pancake PADs can be
formed as a result of the particle PA diffusion, inward radial diffusion, as well as wave-particle
interactions (e.g., with hiss and chorus waves in the outer belt [Su et al., 2009; Meredith et al.,
2000]), and consititute the most dominant PAD type in the inner magnetosphere on the dayside
[Gannon et al., 2007]. The PADs where electron flux at 90° is smaller than at intermediate
pitch angles (~30°-75°) are called the butterfly distributions [West et al., 1973]. The butterfly
PADs in the outer radiation belt are mainly present at nightside magnetic local times (MLTs) and
form due to drift shell splitting [Roederer, 1967; Sibeck et al., 1987], magnetopause shadowing
[West et al., 1973] and wave activity [Artemyev et al., 2015; Ni et al., 2020]. The flat-top PADs
exhibit a relatively constant flux at a wide range of pitch angles around 90°. The flat-top PADs
can be a transition phase between the butterfly and pancake PADs, and they also occur due to
strong wave-particle interactions with whistler mode waves in regions of low electron densities
[Horne et al., 2003]. The head-and-shoulders, or cap, distributions resemble pancake PADs
for non-equatorially mirroring electrons but have an additional bump in flux around 90° PA;
they generally result from resonant interactions with the plasmaspheric hiss waves [Lyons et al.,

1972]. Wave-particle interactions with ULF waves, particularly in the Pc4-Pc5 range, are known
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to also affect the electron pitch angle distributions [Zong et al., 2017]. For instance, during the
drift resonance events electron flux oscillations around 90° are observed faster than at lower PAs,
which leads to the formation of the so-called boomerang stripes in the pitch angle distributions
[e.g., Hao et al., 2017; Zhao et al., 2020].

Pitch angle distributions can be approximated using different trigonometric functions. The
standard formulation used in several previous studies includes fitting PADs to the sin” @, where
«a is the particle pitch angle and 7 is the steepness of the distribution [see e.g., Vampola, 1998;
Gannon et al., 2007, etc.]. This parametrisation, however, has several limitations. For instance, it
fails to capture butterfly distributions which constitute the dominant PAD shape on the nightside
at L>5, as well as cap distributions occurring at lower L-shells [e.g., Zhao et al., 2018; Allison
et al., 2018]. To mitigate this limitation, Allison et al. [2018] employed a combination of two
terms of the said form, which allowed to resolve the cap distributions. Another formulation used
in the radiation belts research includes fitting equatorial PADs with Legendre polynomials which
comprise a set of spherical functions [see e.g., Chen et al., 2014; Zhao et al., 2018, 2021]. In
particular, Zhao et al. [2018] demonstrated that equatorial PADs in the outer zone can be approx-
imated by the first 3 even terms of the Legendre series expansion, while at L<3 it was necessary
to include higher harmonics due to the larger loss cones and generally steeper PAD shapes. In
this study, we use Fourier sine series expansion to approximate equatorial electron PADs. The
Fourier expansion has been used for PAD approximation in the planetary magnetospheres [for
Saturn’s radiation belts - Clark et al., 2014] but to our knowledge has not been applied to study
electrons in the Earth’s radiation belts yet. One of the main advantages of using the Fourier sine
series expansion is a possibility to integrate Equation 3.1 over the solid angle to derive omnidi-
rectional flux.

Several studies have investigated the morphology of electron pitch angle distributions in the
inner magnetosphere, both during quiet and geomagnetically active times. Roederer [1967] an-
alyzed effects of the drift shell splitting on energetic electrons in the model magnetosphere and
demonstrated that the drift shell splitting effects could only be observed above L= 5. The spa-
tial structure of 80 keV - 2.8 MeV electron PADs was described by West et al. [1973] using

Ogo-5 satellite data. The dayside PADs were found to exhibit mainly pancake shape, while the
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nightside distributions at L >~ 6 showed butterfly shapes, which were attributed to a combina-
tion of the drift shell splitting in presence of a negative flux gradient in L, and magnetopause
shadowing. Selesnick and Blake [2002] computed anisotropies of relativistic electron PADs by
tracing drift paths of particles for different pitch angles and levels of Kp and found a good agree-
ment with average flux anisotropies calculated from Polar electron data under quiet geomagnetic
conditions. Lyons et al. [1972] was one of the first papers that computed the PA-diffusion of
electrons at energies 20 keV - 2 MeV driven by the resonant interactions with whisler mode
waves and showed the existence of the cap pitch angle distributions could be attributed to the
resonant interactions with the plasmaspheric hiss waves. Furthermore, it was demonstrated that
with increasing energy, the bump in flux at 90° PA, characteristic of the cap PADs, decreased
in magnitude as the cyclotron resonance branch extended to higher pitch angles at higher ener-
gies. Lyons and Williams [1975a] analyzed the quiet-time structure of electron PADs at energies
below 560 keV and observed a generally good agreement in PAD shapes with the theoretical
predictions by Lyons et al. [1972]. Furthermore, Lyons and Williams [1975b] reported that the
storm-time electron PADs were very different from those during quiet times. In particular, the
quiet-time cap distributions on the nightside were found to transform into the pancake PADs and
then reform to their pre-storm structure several days after the storm. A comprehensive study by
Gannon et al. [2007] analyzed electron PADs at energies of hundreds of keV based on data from
Medium Electrons A instrument aboard the CRRES satellite. They reported that butterfly pitch
angle distributions were the most prevalent type on the nightside at high L-shells, whereas on the
dayside the pancake PADs constituted the dominant PAD shape.

In recent years, several statistical studies analyzed the storm-time evolution of electron PADs
using data from the Van Allen Probes constellation. Ni et al. [2015] used fifteen months of
the Relativistic Electron Proton Telescope (REPT) data to investigate the variability of PADs
of electrons with energies > 2 MeV. By fitting the PADs with a sin” a function, the authors
tracked the spatiotemporal variability of the sine power n and found that pancake PADs became
more peaked at 90° PA during the storm times compared to the quiet times. The occurrence
rate of the butterfly distributions were investigated in Ni et al. [2016], and it was found that at

nightside MLTs at high L-shells, up to 80% of PADs can be of butterfly type, which was in good
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agreement with previous studies by West et al. [1973] and Gannon et al. [2007]. Pandya et al.
[2020] analyzed the storm-time morphology of PADs of 1.8-6.3 MeV electrons for 27 CME—~
and 28 CIR—driven storms using the REPT data. The authors reported a strong dependence of
PAD shapes on MLT, while the dependence on the storm driver was found to be negligible.
Greeley et al. [2021] used REPT data to analyze PAD evolution during enhancements of the
ultra relativistic electron fluxes separately for CIR- and CME-driven storms. The study showed
that CME-driven storms generally resulted in more anisotropic PADs than CIR-driven storms.
Furthermore, it was shown that PADs return to their pre-storm configurations more rapidly during
storms driven by CME:s.

The previous studies that used Van Allen Probes data for analyzing the pitch angle distribu-
tions have mainly concentrated on relativistic and ultra relativistic energies sampled by the REPT
instrument. Observations by the Magnetic Electron Ion Spectrometer (MagEIS) have been used
in several recent studies [e.g., Zhao et al., 2018; Shi et al., 2016; Allison et al., 2018] which aimed
at creating statistical PAD models but did not investigate PAD evolution for different phases of
geomagnetic storms. In this study, we perform, for the first time, a comprehensive statistical
analysis of electron PADs sampled by the MagEIS detector at energies 30 keV - 1.6 MeV. Fur-
thermore, our study is the first one to use the Van Allen Probe dataset during the mission’s entire
lifespan in 2012-2019 for PAD analysis. We identify 129 storms in 2012-2019, and examine the
morphology of the normalized PAD shapes for day and night MLTs at different energies.

Storm-time evolution of omnidirectional electron fluxes has been analyzed in detail in Turner
et al. [2019] for both MagEIS and REPT energies. In this study, we concentrate on the PAD
shapes normalized from O to 1. It should be noted that in the inner belt, pitch angle distributions
appear relatively independent of activity [e.g., Ni et al., 2016] and exhibit very steep shapes due
to larger loss cones which require higher harmonics for modeling [Zhao et al., 2018], therefore,
in the present study we analyze PADs for L-values from 3 to 6. The paper consists of 5 parts.
Section 4.2 describes the data set and the methodology employed in this study. In Section 4.3, we
analyze the storm-time PAD evolution by means of the superposed epoch analysis of 129 storms
during the Van Allen Probes era. The results are discussed in Section 4.4, and the conclusions

are drawn in Section 4.5.
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3.2 Dataset and Methodology

3.2.1 Data

The Van Allen Probes mission, originally known as the Radiation Belt Storm Probes (RBSP),
operated in 2012-2019 and consisted of two spacecraft, denoted as RBSP-A and RBSP-B, flying
in a near-equatorial orbit with an inclination of 10.2 degrees [Mauk et al., 2012]. The apogee of
the probes was at ~5.8 Rg and perigee at an altitude of ~620 km. The orbital period was equal
to 9 hours. The full MLT revolution was achieved every ~22 months. The L-shells sampled by

Van Allen Probes range from 1.2 to around 6.2 on the nightside and 5.8 on the dayside.

The MagEIS instruments aboard each of the probes measured electron flux over a broad
energy range using one low-energy unit (LOW) for energies 20-240 keV, two medium-energy
units (M75 and M35) for observing electron flux at energies 80 keV-1.2 MeV, and a high-energy
unit (HIGH) to sample data at energies from 0.8 to 4.8 MeV [Blake et al., 2013]. LOW, HIGH
and M75 units were mounted at 75 degrees to the spin axis, and the M35 unit was installed at
35 degrees to the spin axis. Such a configuration was selected to provide broader pitch angle
coverage for the MagEIS detector. In this study we employ the full data set of the MagEIS
pitch angle resolved electron flux (level 3) in 2012-2019 averaged by 5 minutes with an assumed
symmetry with respect to 90° PA. Following Zhao et al. [2018], we remove PADs for which
the maximum electron flux value is below 100 cm™2s~'sr 'keV~! as those PADs correspond to

background levels of the MagEIS detector and are less indicative of the physics.

In order to analyze pitch angle distributions at the geomagnetic equator, it is necessary to
propagate the locally measured electron flux values for each pitch angle to the equatorial plane
using an appropriate geomagnetic field model. Since in this study we are concerned with varia-
tion of pitch angle shapes with increasing geomagnetic activity, the values are propagated to the
magnetic equator using the TS04D storm-time model [Tsyganenko and Sitnov, 2005] with the
internal field specified by the IGRF model. The TS04D model requires as inputs the By and Bz
components of the IMF, solar wind velocity, density and dynamic pressure and the Dst index, as

well as special W and G indices defined in [Tsyganenko and Sitnov, 2005]. The values of the
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Figure 3.1. Examples of the fitted pancake (a), flat-top (b), butterfly (c) and cap (d) equatorial PADs,
normalized using Equation 3.2. The dots show normalized MagEIS observations and the solid lines give

fitted shapes.

solar wind parameters superposed for 129 storms used in this study are shown in the Supporting

information of Smirnov et al. [2022a] (Figure S2).

3.2.2 PAD approximation using Fourier sine series

In this study we approximate equatorial electron PADs using the Fourier sine series expansion

of the form:

Jj(@) = Ap + A sina + Az sin 3a + As sin Sa,
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where j is electron flux as a function of pitch angle . It should be noted that the even terms
(sin 2 and sin 4«) represent shapes that are asymmetric around 90°, which is inconsistent with
the trapped particle populations considered here, and therefore are omitted. In this study, we use
the Fourier expansion up to degree 5, as this combination can effectively fit all the PAD types
observed in the outer belt (shown in Figures 3.1 and 3.2 and discussed below). We fit the values
of electron flux to equatorial pitch angles in linear scale using least-squares and obtain values of
the coeflicients Ay, A|, A3 and As. As can be seen from Equation 3.1, the A coeflicient shows the
value of electron flux in the edge of the loss cone and represents the minimum flux value for a
given PAD. Furthermore, we determine maximum value of electron flux, denoted as j,,,,,, within
each pitch angle distribution. Carbary et al. [2011] proposed a criterion to remove low quality
PAD fits, which has been used in several other studies [e.g., Ni et al., 2016]. This criterion uses
the normalized standard deviation of the difference between the observed and fitted electron flux
and is defined as oy = 0/(jmax — Ao)- The fits with the corresponding oy values < (0.2 represent
good quality fits [for details, see Carbary et al., 2011], while entries with oy > 0.2 were deemed
as bad fits and excluded from the analysis. Examples of high- and low-quality PAD fits with the
corresponding o values are shown in the Figure S1 in the Supporting Information of Smirnov
et al. [2022a].
In order to normalize PADs to span from O to 1, we apply the following equation to the
coeflicients A;,i = {1, 3, 5}:
j (3.2)
Jmax — Ao
where A; denotes the normalized value of the respective coefficient A;. It should be noted that
the PAD shapes normalized by Equation 3.2 do not carry information about the flux levels and
only reflect the shape of the distributions. In this study we analyze the storm-time evolution of
these normalized pitch angle shapes for day and night MLTs at energies 30 keV - ~1.6 MeV. The
dependencies observed here are used to create a PAD model in the outer radiation belt, which is

presented in a companion paper [Smirnov et al., 2022c].
Figure 3.1 shows examples of the four main types of pitch angle distributions observed in

the outer radiation belt region, namely the pancake, flat-top, butterfly and cap PADs, fitted using
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Equation 3.1 and normalized by Equation 3.2. Note that while distinguishing these shapes is
useful for discussions, we do not assign these discrete categories to our PADs but keep describing
them through the continuous A values. Generally, the pancake PAD shape, shown in Figure 3.1a,
resembles the first sine harmonic, and therefore has a large value of the corresponding coefficient
A1 and low values of coeflicients before the third and fifth terms (A3 and AS, respectively). The
A3 coefficient corresponding to the sin(3a) term shows contribution of the butterfly shape. Since
sin(3a) exhibits two peaks at 30° and 150° PA with a minimum at 90°, it can be used together with
the first sine harmonic to approximate butterfly PADs (an example is given in Figure 3.1c). The
flat-top PAD shape (Figure 3.1b) corresponds to high values of Al with low values of A3, and
small negative values of AS. The cap distributions (Figure 3.1d) can be fitted by a combination
of the first and fifth sine harmonics. The sin(5«) function has 3 peaks (at 30°, 90° and 150°)
with two depletions in between of the peaks. In combination with the the general pancake shape

given by sin(a) it can well fit the head-and-shoulder structure.

In Figure 3.2 we show different combinations of the pancake (A1), butterfly (A3) and cap
(A5) coeflicients, and the resulting PAD shapes. In panel (a), we fix Al=1.1 and A5=0 and
start increasing the A3 magnitude from O to 0.5. It can be seen that for A3=0 a pancake shape
is observed, while under higher A3 values butterfly PADs are created, and the 90° minimum
becomes more pronounced. In Figure 3.2b, the A3 coefficient is decreased from O to -0.2. As
a result, the pancake distribution becomes steeper (i.e., the anisotropy increases). In panel (c)
we decrease both Al and A3 coefficients, which also results in narrower PAD shapes. Such an
increase in anisotropy of electron PADs is observed on the dayside during geomagnetic storms,
and will be discussed later in Sections 3 and 4. In Figure 3.2d we vary the cap coeflicient AS
under fixed Al and A3. When A5 is zero, a perfect pancake distribution is observed. When A5
becomes negative, there is a transition of pancake PADs into the flat-top distributions. When
AS increases and becomes positive, cap distributions are produced. It should be noted that in

case of the butterfly distributions, the A3 coeflicient can increase to relatively large values (up to
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Figure 3.2. Sketches of PAD shapes resulting from different combination of the A1, A3 and AS coeffi-
cients. (a) Increasing the butterfly coefficient A3 under fixed A1 and A5=0 leads to stronger 90° minima;
(b) negative values of A3 (also under fixed Al and A5=0) lead to more anisotropic pancake distribu-
tions; (c) decreasing both A1 and A3 also creates steeper pancake PADs; (d) Negative A5 values result in
flat-top PADs, while positive AS values correspond to cap PAD shapes.

0.7), while only small AS values (0.05-0.15) are needed to resolve the head-and-shoulders PAD

shape. As can be seen from Figures 3.1 and 3.2, the Fourier approximation fits well all main

types (pancake, butterfly and cap) of equatorial pitch angle distributions. Other PAD shapes can

also be resolved by this approximation, for instance, the field-aligned distributions [Clark et al.,

2014].
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3.3 Superposed epoch analysis of storm-time PAD evolu-

tion

3.3.1 L and MLT dependence

In this section, we analyze evolution of the PAD shapes in the outer radiation belt for day and
night MLTs during geomagnetic storms in 2012-2019. To select the storm events for this anal-
ysis, we follow the methodology of Turner et al. [2019]. As a proxy of the magnetic storm
strength, we use the SYM-H index. We select events corresponding to the minimum SYM-H of
less than -50 nT, while also requiring that there are no storms 2 days before nor after the event
in question, to avoid the repeat events. Using this procedure, we find 129 storms throughout the
Van Allen Probes era (the list of storms from October 2012 until October 2017 is given in Turner
et al. [2019], their table A1, and the additional events in starting from October 2017 and until the
end of the Van Allen Probes mission in late 2019 are listed in Table 3.1). Figure 3.3a shows the
SYM-H index, Pdyn and SW electric field (-v-Bz) superposed for the storms used in this study.
Following Turner et al. [2019], we select the values of indices, as well as PAD shape coefficients,
starting from 84 hours before the SYM-H minimum for each storm and up to 84 hours after the
minimum. The data are binned into 3-hour epochs with the zero epoch corresponding to the time
of SYM-H minimum. For the spatial binning, 0.2 L was selected as an appropriate step.

In Figure 3.3, the rows (b-e) show the superposed evolution of the PAD shape coefficients A1,
A3 and A5 for 58 keV, as well as a higher energy of 735 keV for day (09-15 hr) and night (21-03
hr) MLTs. In each subplot, the x-axis represents the time epochs with respect to min(SYM-H),
and the y-axis gives the Mcllwain L parameter (Lm), calculated using the TSO4D storm-time
model. The color-coded values of the pancake (Al), butterfly (A3) and cap (AS) coeflicients
in these coordinates are shown in the left, middle and right columns, respectively. The cor-
responding standard deviations and number of points in each bin are shown in the Supporting
information of Smirnov et al. [2022a] (Figure S3). In Figure 3.3 we concentrate on two energies,

while the energy dependence will be later generalized in Section 3.2.

Atlower energies on the dayside, shown in Figure 3.3b, the pancake coefficients Al generally
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Figure 3.3. (a) SYM-H index, SW dynamic pressure and electric field superposed for 129 storms in 2012-
2019, (b) 3-hour averaged dayside values of the Al (pancake), A3 (butterfly) and AS (cap) coefficients
for 58 keV electrons, binned by the epochs (with respect to the SYM-H index minimum) and Lm. The
coefficients in the same format for nightside evolution of 58 keV coefficients is shown in row (c). The
storm-time evolution of the 735 keV electron PADs for day- and nightside is given in rows (d) and (e),
respectively.
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3.3. Superposed epoch analysis of storm-time PAD evolution

Table 3.1. Additional list of geomagnetic storms in October 2017—September 2019 used in this study
(storms before October 2017 are listed in Turner et al. [2019], their Table A1.

Number Date (yyyy/mm/dd) time UT of min(SYM-H)

1 2017/10/14 05:35
2 2017/11/08 04:05
3 2017/11/21 06:50
4 2018/02/27 13:00
5 2018/03/10 04:35
6 2018/03/18 21:45
7 2018/04/20 09:30
8 2018/05/06 02:30
9 2018/06/01 07:15
10 2018/08/26 07:10
11 2018/09/11 10:10
12 2018/09/22 07:45
13 2018/10/07 21:50
14 2018/11/05 06:00
15 2019/05/11 03:10
16 2019/05/14 07:50
17 2019/08/05 11:45
18 2019/09/01 06:25
19 2019/05/05 05:20

decrease from 0.9 to 0.7 with decreasing L-values. The same can be seen for the A3 coeflicients
that turn from around zero at L=6 to negative values of approximately -0.2 at L=3. When both
Al and A3 coefficients decrease, the pancake distributions become narrower (see Figure 3.2c).
At the same time, the cap coefficient shows positive values at L=3.5-~ 5.6 and has a maximum
at L~ 4. This indicates that at a broad range of L-values, the cap distributions will be present
(see also Figure 3.5), and that they are most pronounced around L ~ 4. In Figure 3.3, the row (c)

shows the storm-time evolution of the coefficients for night MLTs at the same energy of 58 keV.

Figure 3.3d shows the evolution of the PAD coefficients for the 735 keV MagEIS energy
channel. For this energy, a very strong evolution during the geomagnetic storms can be observed.
Based on the row (d), two regions separated by L.~5.2 can be qualitatively defined during pre-
storm times. At .<5.2 the Al values are around 1.1 which indicates broad pancake shapes.

At L>~5-5.2, the A3 coeflicient becomes close to zero and turns negative at higher L values.
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At the same time, the pancake coefficient Al decreases, which corresponds to steeper pancake
PADs (the cap coefficient at high L-shells remains close to zero). When approaching the storm’s
main phase, both A1 and A3 decrease which can be observed down to L~4.5. This indicates
that during the main phase of the storm, the pancake distributions at higher L-shells become
steeper, which is also demonstrated in Figure 3.4d. The coefficients return to their pre-storm
configuration in the slow recovery phase.

In contrast, on the nightside, the butterfly coefficients A3 increase at high L-shells when
approaching the storm’s main phase. In Figure 3.3e, one can also distinguish two distinct regions
separated by L=5. At L< 5, the A3 coeflicient is small with values around zero, while at L
higher than 5, the A3 values are much larger, both for quiet and disturbed times. The A3 values
during the pre-storm phase reveal the contribution of quiet-time drift shell splitting, whereas
those around the maximum of the dynamic pressure indicate a combination of the drift shell
splitting and magnetopause shadowing. It can be seen that at L>5, the values of the pancake
coeflicient decrease, whereas the butterfly coeflicient exhibits a significant increase around the
main phase (see also Figure S4 of Smirnov et al. [2022a]). This means that the resulting PADs
will have a stronger minimum around 90° PA. After the drop in dynamic pressure, the A3 values
return to their original value range. It is worth mentioning that this recovery is faster than on the
dayside. Indeed, already at 12-18 hours after the min(SYM-H) the A3 and Al coeflicients are
restored to their quiet time range for nightside MLTs, whereas on the dayside it takes 36-48 hours
to return to the pre-storm configuration. In Figure 3.5 one can see that for higher energies, the
butterfly coefficient becomes even more pronounced. Interestingly, at L between 3.5 and 5, one
observes the steepening of the pancake distributions at nightside MLT during the storm-times,
which will be discussed in detail below. It is also worth noting that the standard deviations of the
A coefficients increase around the main phase of the storm (Figure S3 of Smirnov et al. [2022a]).
This indicates that although our analysis well depicts the average storm-time behavior of electron
PADs, geomagnetic storms correspond to a variety of complex processes [e.g., Reeves et al.,
2003] that may not be captured without distinguishing other factors, such as the storm driver, the
storm strength, etc.

Figure 3.4 shows the normalized PAD shapes for the four phases of the geomagnetic storms.
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In the top row, we show the SYM-H index, solar wind dynamic pressure and y-component of the
solar wind electric field superposed for 129 storms analyzed in this study. To demonstrate the
PAD shapes corresponding to different phases of the storms, we select 4 epochs, the first one at
around 54 hours before the SYM-H minimum (indicating the pre-storm conditions), the second
one coinciding with the maximum of the SW dynamic pressure (3 hours before min(SYM-H),
indicative of the main phase conditions), the third one at 12 hours past the SYM-H minimum
(referred to as ’fast recovery’), and the fourth epoch at 68 hours after min(SYM-H) (i.e., in
the ’slow recovery’). These four epochs are marked on the superposed SYM-H, Pdyn and SW
electric field plots. In Figure 3.4, row (b) shows normalized PAD shapes for the 58 keV MagEIS
channel on the dayside. The pitch angle distributions at low L-values (L< 3.5) exhibit pancake
shapes, while at L~ 3.5, the PADs transition into cap shapes (the morphology of cap PADs
with respect to energy, L and MLT is described in detail in the following subsection). In the
row (c) the PAD shapes are evaluated for 58 keV electrons at nightside MLTs. Generally, they
look similar to the dayside shapes, except during the main phase (slice 2) where the nightside
PADs exhibit pancake shapes for L > 5.2 while on the dayside distinct cap distributions can be
observed. These results are in line with previous observations reported by Lyons and Williams
[1975a]. They showed that at energies of tens to hundreds of keV there is a loss of head-and-
shoulder structure during the main phase of the storm. The cap distributions generally arise due
to interactions with the plasmaspheric hiss waves [e.g., Lyons et al., 1972]. Due to erosion of
the plasmasphere around the main phase, cap distributions transition into the pancake PADs.
During the recovery phase, the plasmapause extends to higher L-values, and interactions with
plasmaspheric hiss cause the quiet-time cap distributions to re-form.

In Figure 3.4 (row d), we show the PAD shapes of the 735 keV electrons on the dayside (09<
MLT <15). It can be seen that for L >3.5, the distributions during pre-storm conditions exhibit
pancake shapes. During the main phase, as noted above and shown in Figure 3.4d, the pancake
distributions become narrower and then gradually recover to their original broader shapes. The
magnetosphere is compressed around the main phase of the storm, which is reflected in the peak
of the SW dynamic pressure (Figure 3.4a). This compression is more pronounced at dayside

MLTs and gives rise to a westward electric current which will move ions and electrons inwards
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and adiabatically increase their kinetic energy [Walt, 2005]. In this case, the third adiabatic
invariant breaks down, whereas the first two invariants are conserved. Equatorially mirroring
particles experience the highest adiabatic energy change. When comparing 90° particles with
other pitch angles after inward transport, the 90° particles originated from the lowest energies
where the phase space density was highest, explaining why the PAD is more peaked at 90° than
before. As the system goes into the recovery, the pitch angle scattering and radial diffusion
smooth out these highly anisotropic pancake distributions into their broader pre-storm shapes
[Walt, 2005], which can be seen in slices 3 and 4 in Figure 3.4d. One interesting feature following
the main phase is the appearance of the butterfly distributions in the inner zone. This has been
previously attributed to the magnetosonic waves [e.g., Ni et al., 2016] and hiss waves [Albert
et al., 2016].

The normalized PAD shapes of the 735 keV electrons at nightside MLTs for the 4 storm
phases are demonstrated in Figure 3.4 (row e). Our statistics cover L from 3 to around 6.4
for nightside MLTs, and for the pre-storm conditions butterfly distributions are observed at
L=56-64. At L= 5 — 5.6, we observe the flat-top distribution shapes (as a transition re-
gion between butterfly and pancake PADs), and pancake distributions for L<5. The pre-storm
butterflies observed on the nightside at high L-shells are indicative of the quiet-time drift shell
splitting effects. Roederer [1967] showed that due to the asymmetry of the geomagnetic field
particles starting at the same point but with different pitch angles will end up at different radial
distances at the opposite side of the magnetosphere. If electrons start from the same point on
the nightside, the near equatorially-mirroring particles would drift further from the Earth on the
dayside than particles of lower pitch angles. The PA-dependence of the drift paths leads to the
formation of the butterfly distributions. While the drift-shell splitting is not energy dependent,
it has been well established that a negative radial gradient in phase space density (PSD) is a
necessary component to create the butterfly PADs [Roederer, 1967]. At lower energies, the flux
gradient is smaller than at high energies [see e.g. Figure 3 in Turner et al., 2019], and therefore
the drift shell splitting has less influence on the PADs. This is consistent with the absence of but-
terflies at low (58 keV) energies (Figure 3.4b,c). In Figures 3.3e and 3.5¢ we demonstrate that

during the main storm phase, the 90°-minimum in the butterfly distributions becomes stronger at
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Figure 3.4. (a) Superposed SYM-H index, SW dynamic pressure and electric field. The dashed lines
denote epochs at which the PAD shapes are shown below. (b) Normalized PAD shapes of 58 keV electrons
for 4 phases of the storm at dayside MLT. The lines are colored by the Lm values shown in a legend below.
(c) Same as (b) but for the nighttime MLT. (d) Normalized PAD shapes for 735 keV electrons at dayside,
and (e) at nightside.

117



3. Storm-time evolution of equatorial electron PADs in Earth’s outer radiation belt

high L on the nightside. In Figure 3.3e this manifests as an increase in the A3 coefficients around
the maximum of the dynamic pressure. In Figure 3.4e, slice 2 shows that the butterfly PADs also
extend to lower L-values. With increasing dynamic pressure, drift shell splitting intensifies and
thus the butterfly distributions can be observed at lower L-shells. At around L= 4.8 — 5.0, PADs
transition into the flat-top/ broad pancake and then to steeper pancake distributions at L<4.5. In
Figure 3.4e, PADs at L< 3.6 during the pre-storm phase corresponded to background levels of
electron flux and were removed, whereas after the main phase the flux values are increased in the

slot region [e.g., Reeves et al., 2016], and the pitch angle distributions exhibit pancake shapes.

3.3.2 Energy dependence

Figure 3.5 demonstrates the energy dependence of the PAD shape coeflicients for L= 3 -6 at day
and night MLTs. The resulting PAD shapes plotted as a function of energy under several fixed
values of L are shown in Figure 3.6. The values shown here are superposed for 129 storms for
the pre-storm and main phase conditions. We first analyze the day-time morphology. It can be
seen from Figure 3.5 (a and b) that at energies of <~ 100 keV, the pancake coeflicient A1 appears
similar for storm and quiet conditions. The same can be observed for the butterfly coefficient A3
in panels (e and f). At higher energies at L< 5, both Al and A3 coeflicients generally decrease
with decreasing energy during quiet times. At the same time, in Figure 3.51, the cap coeflicient is
intensified at energies of hundreds of keV and below. It is worth noting that the peak of the cap
coeflicient across the L-shells is strongly energy-dependent, and moves inward with increasing
energy (Figure 3.51). At higher energies the cap coeflicient values are generally around zero (at
L> 3.2), which is consistent with the theoretical results by Lyons et al. [1972] and is attributed
to the fact that with increasing energy, the dominant first-order cyclotron resonance extends to
higher PAs (see Figure 4 in Lyons et al. [1972]) and pitch angle scattering can then affect all
equatorial pitch angles.

During the main phase at dayside MLTs, the Al and A3 coefficients decrease (Figure 3.5,
panels b and f), which is especially evident for L> 4.5. At energies below 300 keV, the values of

the cap coefficient remain at around 0.05 which means that the cap distributions persist at lower
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Figure 3.5. Energy dependence of the PAD shape coefficients for pre-storm and main phase conditions
at day and night MLT sectors.

energies during the main phase. The cap coeflicient decreases at L< 4.5 for energies above
300 keV and turns negative, which results in the flattop distributions (Figure 3.6f). At L> 4.5,
the A1 and A3 coefficients decrease, while the A5 coefficient increases. This increase in the
A5 coefficient corresponds to strongly anisotropic pancake PADs (see also Figure 3.4d, slice 2)
during the main phase on the dayside. Furthermore, the degree of this anisotropy increases with
energy (see also Figure 3.61,j).

During the pre-storm phase the butterfly distributions dominate at L> 5.5 on the nightside
(also discussed in Section 3.1). In Figure 3.5d one can see that at L> 5 the pancake coefficient
equals approximately 0.9-1.1, while during the main phase the values drop down to 0.6-0.8
across the MagEIS energy range. At the same time, there is a dramatic increase in the butterfly

coefficient A3 at large L-shell on the nightside. For instance, at energies of ~ 300 keV the pre-
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Figure 3.6. Energy dependence of pitch angle shapes at different L-values for quiet and storm conditions
on the day and nightside MLT.

storm A3 values were around 0.2, while during the main phase they are magnified by a factor
of 2. Furthermore, from Figure 3.6p it is obvious that the 90° minimum gets stronger with
increasing energy. At L of ~5, the AS coefficient becomes negative, and as shown in Figure 3.1
this corresponds to the flat-top PAD shape. At L < 5, the butterfly coefficients A3 significantly
decrease at all energies (Figure 3.5h) and remains small at lower L-shells, where PADs have

pancake shapes.
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3.4 Discussion

In this study we employed a Fourier sine series expansion to approximate electron pitch angle
distributions. It was shown that a combination of the first, third and fifth sine harmonics can ef-
fectively fit all main types of PADs in the outer radiation belt. This approximation has previously
been used for analyzing distributions of electrons in planetary magnetospheres, for instance, by
Clark et al. [2014]. In case of the terrestrial radiation belts, most studies fitted electron PADs
to the sin”(@) function, where n shows the steepness of the distribution (larger values of n cor-
respond to more anisotropic distributions). This approximation is very easy to use, and the
resulting values can be incorporated into the radiation belts simulations [e.g., Shi et al., 2016].
However, the sin”(a) function can only approximate flat-top, pancake and isotropic distributions
but is not capable of fitting butterfly and cap shapes. Butterfly distributions can account for up to
80% of PADs on the nightside, and cap distributions dominate lower energies both for day and
night-side MLTs during geomagnetically quiet times. Allison et al. [2018] combined two sin"(a)
terms with different n values which helped two resolve the cap but not butterfly distributions.
Due to the fact that different types of PADs can be linked to specific processes acting within
the radiation belts, it is crucial to use an approximation that can fit all of the PAD types. We
have shown (Figures 3.1 and 3.2) that the Fourier series are capable of resolving all main PAD
shapes. Furthermore, the expression used here (Equation 3.1) is easy to integrate over the solid
angle and can be used to compute omnidirectional flux values using an analytic expression. We
note that the methodology developed in this study can be extended to a range of magnetospheric

problems, for instance, to analyzing pitch angle distributions of low-energy electrons and ions.

It is well-known that electrons in the inner radiation belt are stable both in terms of their
amplitudes [e.g., Shprits et al., 2013], and pitch angle distributions [e.g., Zhao et al., 2018]. Fur-
thermore, electrons at energies over 1 MeV are generally absent in the inner zone [Fennell et al.,
2015]. Therefore, for analyzing the PAD dynamics during geomagnetic storms we concentrated
on the outer radiation belt region. While several studies have already used RBSP data for ana-
lyzing the storm-time PAD evolution [e.g., Ni et al., 2015, 2016; Drozdov et al., 2019; Ni et al.,

2020; Pandya et al., 2020; Greeley et al., 2021], they focused on relativistic and ultra-relativistic
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energies sampled by the REPT detector. In the current paper we concentrated on lower energies,
from 30 keV to around 1.6 MeV, using observations by the MagEIS detector during the entire
lifespan of the Van Allen Probes mission in 2012-2019. Our study has a certain overlap in en-
ergies (> 1 MeV) with the previous works by Pandya et al. [2020] and Greeley et al. [2021]
and therefore our results can also be compared to those studies. Due to the fact that RBSP orbit
was revolving in MLT quite slowly, with a full revolution being completed every 22 months, the
statistics for analyzing both MLT and storm driver dependence would be limited, and therefore
in the present study we concentrated on the day- and night-time PAD morphology. Further-
more, Pandya et al. [2020] showed that at least for relativistic energies, the dependence of PAD
evolution on storm driver was negligible.

It has been shown that the morphology of electron PADs is significantly different during ge-
omagnetically quiet times compared to the active times [Lyons and Williams, 1975b]. During
periods of low geomagnetic activity, pitch angle distributions at energies below ~300 keV ex-
hibit cap (or, head-and-shoulder) shapes. This configuration results from cyclotron and Landau
resonance with hiss waves, and is strongly energy-dependent [Lyons et al., 1972; Lyons and
Williams, 1975a]. In particular, in Figures 3.4 and 3.5 we demonstrate that the cap coefficient
AS exhibits a peak at L~ 5 for 37 keV electrons, and then moves inward in L with increasing
energy, which is in line previous results of [e.g., Shi et al., 2016] who reported that peak of
PAD anisotropy, corresponding to cap PADs, was moving to smaller L-values under increasing
energy. The same conclusion was reported by Allison et al. [2018]. For each energy, Allison
et al. [2018] highlighted regions where the combination of two sin”(@) terms was performing
better than a single sine term. Those regions corresponded to the cap distributions. It was found
that the extent of this region diminished with increasing energy, but was practically independent
of Kp levels. In the current study we observed loss of the head-and-shoulders structure during
the main phase of the storm at nightside MLTs, which is consistent with previous studies by
Lyons and Williams [1975b] and Zhao et al. [2018]. Due to the fact with increasing geomag-
netic activity the plasmasphere is eroded [e.g., Goldstein et al., 2019], there would be no hiss
waves at higher L-shells that could generate cap PADs [see e.g., Lyons and Williams, 1975b].

Furthermore, during active times the low-energy particles are injected from the tail [e.g., Reeves
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et al., 1996]. Turner et al. [2015a] demonstrated that injections of electrons with energies below
240 keV can be frequently observed within the geostationary orbit. Furthermore, Motoba et al.
[2020] performed a superposed epoch analysis of dispersionless injections using RBSP data and
showed that the corresponding pitch angle distributions of tens-of-keV electrons exhibited pan-
cake shapes. Therefore, the transformation of cap PADs into pancakes during the main phase
at low energies on the nightside (Figures 3.3c and 3.4c¢) is likely due to the combination of the
plasmasphere erosion and particle injections from the tail.

At energies >~ 150 keV, pancake distributions are observed on the dayside at L > 4 (Figure
3.6). The pancake distributions generally result from the particle pitch angle diffusion [e.g.,
West et al., 1973]. During geomagnetically quiet times, pancake distributions exhibit relatively
broad shapes. During active times, we observe narrowing of the pancake PADs. During the
main phase, PADs at high L-shells (L> 5.8) become strongly anisotropic, but distributions at
lower L-shells still have broad shapes. The opposite is observed during the fast recovery phase
(approximately 12 hours after the SYM-H minimum) - the narrowing moved inwards in L-shell,
while at higher L-values the distributions already started to recover to their pre-storm shapes. In
the slow recovery phase, the distributions returned to their pre-storm morphology. These results
go well with previous findings of Pandya et al. [2020] and Greeley et al. [2021] who also reported
narrowing of the pancake PADs during the main phase of the storm. These signatures (narrowing
of pancake PADs which progressively moving inward and the subsequent relaxation to pre-storm
shapes) are indicative of the inward radial diffusion [Schulz and Lanzerotti, 1974].

On the nightside, the PAD morphology is very different than on the dayside. At energies
> 200 keV the quiet-time distributions are mainly of pancake type at L< 5. For L-shells around
5 and energies of around 200 keV, the pancake distributions transform into flat-top PADs. Then,
at higher energies there is an emerging minimum at 90° PA which intensifies with increasing
energy (see Figure 3.6). Energy dependence of the butterfly distributions can be explained as
follows. During quiet conditions at L> 5 the equatorially mirroring particles in the nightside are
transported to larger radial distances in the dayside than the lower PA particles, which is known
as magnetic drift shell splitting [e.g., Roederer, 1967; Sibeck et al., 1987]. This effect, however,

depends only on magnetic field and not on particle energy. At the same time, it has been well
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established that a negative radial gradient in PSD is a necessary component for the drift shell
splitting to be effective [Roederer, 1967]. Recently, Turner et al. [2019] presented a superposed
epoch analysis of omnidirectional electron flux observed by the Van Allen Probes mission. In
their Figure 2 one can see that flux gradient in L at lower energies is relatively flat. On the other
hand, at higher energies there is a strong negative flux gradient which enables the drift shell
splitting to have the full effect on pitch angle distributions and create butterfly PADs. Therefore,
with increasing energy the drift shell splitting effects become more evident due to stronger radial
gradients in flux.

During the main phase of the storm, the butterfly distributions on the nightside are intensified
(Figures 3.4 — 3.6). Such an intensification is most likely due to a combination of the enhanced
drift shell splitting and magnetopause shadowing. While the magnetopause is usually located at
radial distances of > 10Rg, it is well-known that during active times the last closed drift shell can
move inward down to L~ 4. Equatorially mirroring electrons travel to larger distances than low-
PA electrons and therefore can get lost to the magnetopause, creating the butterfly distributions.
The storm-time butterfly distributions are not observed below L=5 (see Figures 3.3 — 3.5). At
L around 5, one can observe a transition of the butterfly into flat-top PADs. Horne et al. [2003]
proposed two potential explanations for such a transition at higher energies, namely the inward
radial diffusion and wave particle interactions. They concluded that the radial diffusion could be
an important factor but did not account for energy dependence of flat-top PADs. By considering
the cyclotron resonance with whistler mode chorus waves in presence of low plasma densities,
Horne et al. [2003] were able to reproduce a realistic energy dependence of the flat-top PADs.

In this study, we analyzed the normalized electron pitch angle distributions measured by the
MagEIS detector onboard the Van Allen Probes mission. The storm-time spin-averaged electron
flux intensities were previously investigated by Turner et al. [2019], and it was reported that
electrons of different energies exhibited a significantly different response to geomagnetic storms
[see also Turner et al., 2015b]. In our study, the storm-time morphology of the PAD shapes
was also found to vary greatly with energy. It is worth noting that the results presented here
can be combined with averaged picture of the spin-averaged electron flux evolution from Turner

et al. [2019], as both the flux intensities and pitch angle distribution shapes are important for
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distinguishing between the loss and acceleration processes [e.g., Chen et al., 2005]. Furthermore,
due to complex mechanisms acting in the outer belt during the storm times, different particle
populations can evolve into one another. For instance, electrons with energies up to tens of keV
(the so-called seed population) can be injected during the substorm activity and produce waves
that can energize the tens to hundreds of keV electrons to higher energies. In order to investigate
these processes in detail, it is beneficial to analyze phase space densities under different values of
u and K, which gives an opportunity to see the time lags between the different populations [see,
for instance, Boyd et al., 2016]. We note, however, that in the current study we did not make
any assumptions on the processes acting within the outer belt, and therefore the PAD shapes
averaged for different storm epoch and energies obtained in this study already include part of the
information on the mechanisms mentioned above and provide a good indication of the averaged

storm-time behavior of the 30 keV - 1.6 MeV electrons.

3.5 Conclusions

Using the full MagEIS data set of pitch angle resolved electron flux at energies 30 keV - ~1.6
MeV in 2012-2019, we analyze equatorial electron PADs at L=3-6. We use a combination
of the first, third and fifth sine harmonics to approximate the pitch angle distributions. The
corresponding expression can be analytically integrated, and the values of coefficients before
the three terms relate to the main PAD shapes. We perform a superposed epoch analysis of
129 strong geomagnetic storms during the Van Allen Probes era for day and night MLTs. Our

findings are as follows.

1. Cap distributions are mainly present at energies < 300 keV, and their spatial extent in
L shrinks with increasing energy. During the main phase on the nightside, cap PADs
transform into pancakes at L> 4.5, likely due erosion of the plasmasphere and particle
injections from the tail. During the recovery phase, the cap distributions are re-formed at

high L-shells.

2. Athigher energies on the dayside, the distributions are mainly pancake. They exhibit broad
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shapes during quiet conditions and become more anisotropic during the main phase of the
storm due to the field’s compression. The degree of this anisotropy smoothly increases

with energy.

3. The butterfly distributions can be observed on the nightside at L> 5.6 during the pre-
storm phase. During the main phase, the butterfly PADs can be found at lower L-values
(down to L=5), likely due to the combination of drift shell splitting and magnetopause
shadowing. Furthermore, the 90° minimum intensifies with increasing energy. This is
consistent with stronger negative radial flux gradients at higher energies, which allow the

drift shell splitting to create stronger butterfly PADs.

4. On the nightside, there is a transition region between the butterfly and pancake PADs,
populated by the flat-top distributions. During quiet conditions, this transition is located

at L ~ 5.5 and moves inward to L ~ 5 during the main phase of the storm.

The PAD shape coeficients for different L-shells, MLTs and phases of geomagnetic storms ob-
tained in this study can be used for the comparisons with the results achieved through the existing
wave models when the flux magnitude is taken into consideration, as well as the outputs of the
physics-based radiation belt simulations, in terms of PAD shapes. Furthermore, the dependen-
cies reported here can further be used to improve the existing empirical models of the pitch angle

distributions in Earth’s outer radiation belt.
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An empirical model of the equatorial electron
pitch angle distributions in Earth’s outer

radiation belt *

Abstract

In this study we present an empirical model of the equatorial electron PADs in the outer radiation
belt based on the full data set collected by the MagEIS instrument onboard the Van Allen Probes
in 2012-2019. The PADs are fitted with a combination of the first, third and fifth sine harmonics.
The resulting equation resolves all PAD types found in the outer radiation belt (pancake, flat-top,
butterfly and cap PADs) and can be analytically integrated to derive omnidirectional flux. We
introduce a two-step modeling procedure that ensures a continuous dependence on L, MLT and
activity, parametrized by the solar wind dynamic pressure, for the first time. We propose two
methods to reconstruct equatorial electron flux using the model. The first approach requires two
uni-directional flux observations and is applicable to low-PA data. The second method can be
used to reconstruct the full equatorial PADs from a single uni- or omnidirectional measurement
at off-equatorial latitudes. The model can be used for converting the long-term data sets of
the omnidirectional electron fluxes to phase space density in terms of adiabatic invariants, for

physics-based modeling in the form of boundary conditions, and for data assimilation purposes.

“This chapter has been published as Smirnov, A., Shprits, Y. Y., Allison, H., Aseev, N., Drozdov, A., Koll-
mann, P., Wang, D., and Saikin, A. (2022): An empirical model of the equatorial electron pitch angle distributions
in Earth’s outer radiation belt. Space Weather, 20(9), e2022SW003053.
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Plain Language Summary

Pitch angle distributions are critically important for understanding the dynamics of trapped elec-
trons in Earth’s radiation belt region. Specific PAD types are linked to processes acting within
the radiation belts which relate to the origins and loss mechanisms of the particle populations,
as well as wave activity. In this study we present a polynomial model of the equatorial elec-
tron PADs at energies 30 keV - 1.6 MeV with a continuous dependence on L-shell, magnetic
local time and activity driven by the solar wind dynamic pressure. The model can be used to
reconstruct equatorial electron flux from observations at high latitudes and can be applied for
converting the long-term electron flux data sets to phase space density, driving the boundary

conditions for the physics-based simulations and for data assimilation.

4.1 Introduction

The Van Allen radiation belts contain charged energetic particles, primarily protons and elec-
trons, trapped by the terrestrial magnetic field. Electron radiation belts exhibit a dual-zone struc-
ture, consisting of the inner and outer belts [e.g., Van Allen and Frank, 1959]. The two belts are
separated by the slot region which is usually devoid of electrons but can be filled during geomag-
netically active times [e.g., Reeves et al., 2016]. Charged particles that move much faster than
the bulk motion of the plasma organize very well relative to the magnetic field, so that measure-
ments over the full sky are not needed. This is generally the case for electrons. Particle detectors
on spinning satellites can sweep through all angles to the magnetic field, measuring intensities
for local pitch angle bins. The resulting angular distributions, referred to as the pitch angle dis-
tributions, play an important role in understanding trapped electrons’ dynamics in the radiation
belt region. In particular, specific PAD shapes are linked to distinct processes that relate to the
origins of these electrons, their loss mechanisms, and wave activity [e.g., Roederer, 1967; West

et al., 1973; Lyons et al., 1972; Walt, 2005; Horne et al., 2003; Ni et al., 2015].

Several PAD types have been identified in the radiation belt region [e.g., West et al., 1973].
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Some of the most common types include pancake, butterfly, flat-top, and cap PADs. The pancake
distribution, also known as the normal PAD, exhibits a maximum flux value around 90° PA,
which smoothly decreases toward lower PAs. It is considered to be the most frequently observed
PAD type in the inner magnetosphere, especially on the dayside [e.g., Gannon et al., 2007], and
generally results from the particle pitch angle diffusion and loss of the field-aligned electrons
to the atmosphere. The pitch angle distributions that exhibit a maximum flux at around 30°-60°
PA with a relative deficit of the 90° electrons are called butterfly distributions [e.g., West et al.,
1973]. The quiet-time butterflies in the outer belt are prevalent at high L-shells on the night side
and mainly formed as a result of drift shell splitting [e.g., Selesnick and Blake, 2002]. They can
also be caused by wave activity in the outer radiation belt [e.g., Artemyev et al., 2015; Kamiya
et al., 2018] and in the inner zone [e.g., Albert et al., 2016]. Another common PAD type, a
flat-top PAD, has a relatively isotropic flux around 90° PA. Horne et al. [2003] showed it to be a
transition shape between the butterfly and pancake PADs. The cap (or head-and-shoulders) PAD
shape manifests as a pancake with an additional peak in flux close to 90° PA. It has been shown
to form due to interactions with the plasmaspheric hiss waves which scatter the near equatorially

mirroring electrons slower than those at lower pitch angles [e.g., Lyons et al., 1972].

Particles trapped in the terrestrial magnetosphere experience a bounce motion between the
two mirror points [e.g., Roederer and Zhang, 2016]. At the geomagnetic equator, every bouncing
particle can be observed, whereas at an off-equatorial magnetic latitude (MLat) the satellite can-
not sample the below-mirroring particles and resolves only a part of the equatorial PAD. There-
fore, the most complete information about electron PADs can be obtained through measurements
in close proximity to the geomagnetic equator [e.g., Chen et al., 2014]. However, many satellites
operate at non-equatorial orbits, for instance the LEO, where the range of observed equatorial
pitch angles in the outer belt is limited to small PAs (less than several degrees). In recent years,
there has been an increasing interest in using LEO data for radiation belt monitoring [e.g., Al-
lison et al., 2018; Claudepierre and O’Brien, 2020; Green et al., 2021; Reidy et al., 2021]. In
particular, the Polar Operational Environmental Satellites (POES) and Meteorological Opera-

tional Satellites (MetOP) missions provide long-term data sets that can be used for radiation belt
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modeling in the form of boundary conditions and for data assimilation. Both constellations pro-
vide observations of only a narrow range of pitch angles by two detectors pointing in vertical
and horizontal directions, and in order to reconstruct the full equatorial PADs it is necessary to
employ appropriate pitch angle models. In addition, several long-term missions, including GPS,
Cluster, etc. measure omnidirectional electron flux and do not provide pitch angle-dependent
distributions. In order to convert these long-term data sets to phase space density in terms of

adiabatic invariants, it is necessary to have a reliable model of the pitch angle distributions.

In a companion paper, Smirnov et al. [2022a] analyzed the storm-time evolution of equatorial
electron PADs at energies 30 keV-1.6 MeV. The authors performed a superposed epoch analysis
of 129 strong geomagnetic storms in 2012-2019 and examined the morphology of electron PADs
in the outer radiation belt for day and night MLTs. It was shown that for energies >150 keV, the
PADs undergo significant systematic changes during geomagnetic storms. In this paper, we
aim to generalize this dependence on activity by creating an empirical polynomial model of the
equatorial electron PADs. Previous PAD models binned the data into several activity intervals
based on the Dst [Chen et al., 2014], AE [Zhao et al., 2018] and Kp [Allison et al., 2018; Zhao
et al., 2021] indices, as well as into spatial bins in L-MLT coordinates. In this study, we use the
solar wind dynamic pressure as a driving parameter and employ a 2-step modeling procedure
(described in Section 4.3) which provides a continuous dependence on L, MLT and activity for
the first time. Furthermore, our model can be applied to reconstruct the full equatorial PADs
from both uni- and omnidirectional observations at off-equatorial latitudes by using the selected

parameterization technique.

This Chapter is divided into six parts. Section 4.2 describes the data and methodology used
in this study. Section 4.3 is devoted to model construction. In Section 4.4 we introduce two
methods to reconstruct equatorial flux from observations at off-equatorial latitudes and show the
model validation. The results are discussed in Section 4.5, and the conclusions are presented in

the Section 4.6.
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4.2 Dataset and Methodology

4.2.1 Dataset

The Van Allen Probes mission, initially called the Radiation Belt Storm Probes (RBSP), oper-
ated in 2012-2019 and consisted of two identical spacecraft (probes A and B) following a highly
elliptical orbit with an apogee of ~ 620 km, a perigee of around 30400 km and an orbital pe-
riod of 9 hours [e.g., Mauk et al., 2012]. The probes were spinning with a period of around 11s
[e.g., Claudepierre et al., 2021]. Van Allen Probes covered L-shells from 1.2 to ~ 5.8 on the
dayside and ~ 6.2 on the nightside and revolved in MLT covering all magnetic local times every
~22 months [e.g., Mauk et al., 2012]. Onboard, the MagEIS instruments measured intensities
of trapped electrons and ions [e.g., Blake et al., 2013]. Each Probe had four MagEIS units pro-
viding excellent coverage in energies and pitch angles [e.g., Claudepierre et al., 2021]. MagEIS
maintained a quasi-constant magnetic field inside the instrument chamber, which allowed to sep-
arate the incoming electrons and protons [for details, see Blake et al., 2013]. Furthermore, using
the constant magnetic field created a separation between electrons of different energies which hit
different detector pixels numbered according to energy [see, e.g., Figure 1 in Claudepierre et al.,

2021].

This study employs MagEIS pitch angle resolved electron flux data (level 3) at energies 30
keV — ~1.65 MeV during Van Allen Probes’ entire lifespan in 2012-2019. For each moment in

time and each local pitch angle, we computed the corresponding equatorial PA using the relation

B,

Aeg = arcsin( sin(a/loc)), where By, and B, represent the values of the local and equatorial

magnetic field, res[;(;z:ctively, corresponding to the magnetic field line at the satellite location. The
magnetic field magnitude and the Mcllwain L parameter (Lm) were calculated using the TS04D
storm-time model [Tsyganenko and Sitnov, 2005]. The data from October 2012 until October
2018 are used for model construction, and the subsequent 7 months of data (towards the end of
the mission) are reserved for validation. The data are averaged by 5 minutes with an assumed

symmetry with respect to 90° PA, and the PADs which had no data points at high (> 75°) or low

(< 25°) equatorial pitch angles were removed in order to exclude unphysical shapes. Electron
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flux values in the slot region can often be at background values and the corresponding pitch angle
distributions are less indicative of the physics. In order to remove the background, we exclude

PADs where maximum value of electron flux is lower than 20 keV~'em™2s !sr!.

This value
was empirically selected to filter out PAD shapes corresponding to background for energies up
to 1.65 MeV. Using higher threshold values led to removal of realistic PAD shapes and limited

the statistics for model fitting at low L-shells.

4.2.2 PAD approximation using sine series

In order to create a PAD model, it is crucial to approximate PADs with a trigonometric function
that can fit all PAD types. In previous studies, pitch angle distributions have been approximated
by the sin” @ function, where the power n shows the steepness of the distributions [see e.g.,
Vampola, 1998; Gannon et al., 2007, etc.]. This parametrization resolves the pancake, flat-top,
isotropic and field-aligned PADs. However, it cannot capture the head-and-shoulders distribu-
tions which are frequently observed at low energies, as well as the butterfly PADs which account
for up to 80% of all PADs at high L-shells on the nightside [e.g., Ni et al., 2016]. Allison et al.
[2018] used a combination of the two sin” @ terms which helped to resolve cap but not butterfly
PADs. Several studies have employed Legendre polynomials to approximate electron PADs in
the Earth’s radiation belts [e.g., Chen et al., 2014; Zhao et al., 2018, 2021]. In particular, Chen
et al. [2014] created the first PAD model in the outer belt, and Zhao et al. [2018] extended this
methodology to both inner and outer zones and showed that PADs in the outer belt could be
approximated by the first 3 even terms of the Legendre series expansion, while it was necessary
to include higher harmonics at L < 3 due to the larger loss cones and generally steeper PAD
shapes.

In order to approximate the equatorial electron PADs, we use a sine series expansion of the

form:

jla@) = Ag + A; sina + As sin 3a + As sin Sa, 4.1)

where j is electron flux as a function of PA «. Having electron flux observations at several pitch

angles, we use least-squares fitting to obtain the coefficients Ay, A, Az, and As. The Fourier
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(a) Fourier sine series functions
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Figure 4.1. (a) Fourier sine functions up to degree 5, (b, ¢, d) examples of the fitted pancake, butterfly
and cap equatorial PADs, respectively, normalized using Equation 4.2. Blue dots show the normalized
MagEIS observations and the red lines give the fitted shapes.

sine series expansion has been used by Clark et al. [2014] to analyze pitch angle distributions
in Saturn’s radiation belts. Smirnov et al. [2022a] used this approximation for the first time to
analyze the storm-time PAD dynamics in the Earth’s outer radiation belt. The Fourier expansion
has notable advantages, for instance, Equation 4.1 can be analytically integrated over the solid

angle and the fitted PADs can be converted to omnidirectional flux.

Figure 4.1a demonstrates the shape functions for the first five sine harmonics. The even
harmonics (sin 2« and sin4«a) are asymmetric with respect to 90° PA and therefore are omitted

and only odd terms are used further on. From Figure 4.1a it can be seen that generally, the
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first Fourier component (sin @) resembles the pancake PAD shape (shown in Figure 4.1b), corre-
sponding to large values of the Al coeflicient and small values of A3 and AS coefficients. The
coeflicient before sin 3@ demonstrates the contribution of the butterfly shape. Indeed, the sin(3«a)
function exhibits a double peak at around 30° and 150° PA and has a minimum at 90°. Combined
with the sin a term, it can well approximate the butterfly distributions (Figure 4.1c). An example
of the cap distribution is demonstrated in Figure 4.1d. In order to fit this shape, a combination of
the first and fifth Fourier harmonics is needed, since the first term, reflected in the A1 value, gives
the general pancake shape and the fifth term (AS) introduces the head-and-shoulders structure
due to the two depletions in the sin Sa shape around 45° and 135° PA and an additional bump
around 90° PA. It is worth noting that in butterfly distributions the A3 coefficient can increase to
relatively large values (up to 0.7), while only small positive A5 values (0.05-0.15) are sufficient
to fit the head-and-shoulders PAD shape. As can be seen from Figure 4.1, the Fourier sine series
expansion well resolves all main types (pancake, butterfly and cap) of equatorial pitch angle dis-
tributions found in the outer belt. The PAD shapes resulting from various combinations of the
Al, A3 and AS coeflicients are demonstrated in the companion study (Smirnov et al. [2022a],
Figure 2). We note that it is possible to extend this methodology to lower L-shells and resolve
the steeper PAD shapes observed there by adding the higher order terms to Equation 4.1, similar
to the models based on Legendre polynomials [Zhao et al., 2018, 2021].

In Equation 4.1, the A coefficient represents the value of electron flux in the edge of the
loss cone, which corresponds to the minimum flux value for the respective PAD. For each of
the PADs, one can also find the maximum flux value defined as jm.x = maxq, co.90 j(@e). In
this study we are most interested in the PAD shapes. In Section 4.3 we therefore normalize
the pitch angle distributions and develop a model for the normalized shapes, and later present
a method to reconstruct absolute values of electron flux with the help of observations. Before
proceeding with analyzing the pitch angle shapes, every PAD is normalized as follows. At first,
we fit the said PAD to Equation 4.1 and obtain the A 35 coefficients. After that, the PAD j(a)
is evaluated with a very small pitch angle step of 0.01 degrees, and the maximum flux value

Jmax 1S empirically found. The odd coeflicients A 35 are normalized to the minimum (A0Q) and
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maximum (jmax) values so that each individual PAD spans from O to 1 using the equation:

i A;
Aj= —,i={L,3,5}, 4.2)
Jmax _AO

where A; denotes the normalized value of the respective coefficient A;. In order to remove low-
quality PAD fits, we use a criterion proposed by Carbary et al. [2011] which uses the standard
deviation of the difference between the measured and fitted flux normalized to the minimum and
maximum values (o = 0/(Jmax —Ao))- The good quality fits correspond to oy values below 0.2,
while PADs with oy > 0.2 represent low quality fits and were not used in the model construction.
The details on this quality flag and examples of high- and low-quality fits are given in Smirnov
et al. [2022a] (e.g., their Figure S1 in the Supporting information).

It should be noted that the PADs normalized by Equation 4.2 do not carry information about
the flux levels and should only reflect shapes of the distributions. In the companion paper,
Smirnov et al. [2022a] analyzed the storm-time evolution of electron PADs in terms of the nor-
malized shapes. In the present study, we, first, create a model of the normalized pitch angle
distributions driven by the solar wind dynamic pressure (Section 4.3). Furthermore, in Section
4.4 we give two methods of reconstructing electron flux from the model by using oftf-equatorial

observations.

4.3 Model Construction

Pitch angle distributions in the outer radiation belt are known to be very dynamic [e.g., Horne
et al., 2003; Gu et al., 2011]. It is therefore crucial to select a suitable driving parameter for the
model. In a companion study, Smirnov et al. [2022a] analyzed the storm-time evolution of the
PAD shapes normalized using the methodology described above. It was found that at energies
> 150 keV, PADs undergo a systematic evolution during geomagnetic storms. Furthermore, the
main processes governing the PAD dynamics in the outer belt can be attributed to changes in the
solar wind dynamic pressure [for details, see Smirnov et al., 2022a]. In Figure 4.2, we demon-
strate averaged PAD shapes of 871 keV electrons observed by MagEIS at L~5.4 for the day-

and nighttime MLTs, colored by the values of the solar wind dynamic pressure. It can be seen
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Figure 4.2. Averaged PAD shapes of 871 keV electrons measured by the MagEIS instrument at L~ 5.4
on the dayside (a) and on the nightside (b) for different values of the solar wind dynamic pressure (+0.25
nPa).

that on the dayside, the distributions are of pancake shape and that their 90°-anisotropy increases
with Pdyn, likely due to the magnetic field compression. On the nightside, the distributions have
butterfly shapes, and the 90°-minima become more pronounced with increasing SW pressure,
due to the more intense drift shell splitting (for details, see Smirnov et al. [2022a]). From Figure
4.2 one can see that the PAD shapes exhibit a strong dependence on dynamic pressure, which is
analyzed in more detail below. Furthermore, Smirnov et al. [2022a] showed that the morphology
and response to activity of electron PADs is strongly dependent on energy. Therefore, the model

presented here is constructed for each energy channel.

We first examine the normalized occurrence plots of the PAD shape coeflicients A; 3 s within a
chosen range of L and MLT with respect to solar wind dynamic pressure, which are constructed
as follows. At first, the predictor variable (on the x-axis) is divided into 20 bins. Then, for
each interval of the x-axis, the corresponding A; coefficients are also split into the same number
of bins. For each bin, the number of occurrences is calculated and then divided by the total
number of points in the respective x-interval. Such a representation effectively demonstrates
how the PAD coefficients are distributed for each bin of the predictor variable and essentially

represents a normalized 2D probability distribution function [e.g., Kellerman and Shprits, 2012].
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4.3. Model Construction

In particular, it is well-established that throughout the Van Allen Probes era most of the points
were attributed to the quiet conditions, and storm-time events, especially the strong ones, were
rare. By normalizing the coefficient values to their respective activity bin, a more balanced

estimation of the distributions can be obtained.

In Figure 4.3, we show the normalized occurrence histograms for the day- and night MLT's
at high L-values (from 5.7 to 6) of 871 keV electrons. It can be seen in Figure 4.3a that on the
dayside, the pancake coefficient A1 decreases with increasing Pdyn, from ~ 1 at low pressure to
~ 0.75 under dynamic pressure of 6 nPa. Furthermore, the butterfly coefficient A3 also decreases,
from O at low Pdyn values to < —0.2 at higher Pdyn (Figure 4.3c). The cap coefficient A5, while
increasing slightly for higher Pdyn, remains very small and is generally close to 0. These results
agree very well with the superposed epoch analysis presented in [Smirnov et al., 2022a]. The
simultaneous decrease in Al and A3 coefficients with Pdyn at L>5.7 (see e.g., Figure 3d in
Smirnov et al. [2022a]) corresponds to more anisotropic PADs during the storm’s main phase
as a result of the geomagnetic field compression. On the night side, the pancake coefficient
decreases from >1.1 to around 0.9 with increasing Pdyn (Figure 4.3b), while the contribution of
the butterfly coefficient A3 roughly doubles with higher Pdyn, which also agrees with findings of
Smirnov et al. [2022a]. As the stronger dynamic pressure compresses the Earth’s magnetosphere,
the effect of drift shell splitting becomes more evident. One notable feature in Figure 4.3b is that
the spread of A1 values increases with Pdyn. This indicates that while there is a clear dependence
of the PAD coefficients on dynamic pressure, the storm times correspond to complex processes in
the outer radiation belt [Reeves et al., 2003], which might not be captured by a simple empirical
relation to Pdyn. It is of note that the Pdyn values generally lie from O to 6 nPa but can also
experience spikes of up to 50 nPa. Figure S1 of Smirnov et al. [2022c] shows that over 97%
of values are below 5.5 nPa and therefore the model statistics for the spikes would be limited.
Thus, all values corresponding to Pdyn> 5.5 nPa are combined into a separate model bin which

corresponds to intervals of very high activity.

The black dots in Figure 4.3 indicate the median coefficient values for each interval of the

dynamic pressure. It can be seen that the general dependence can be well approximated using
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Figure 4.3. Normalized occurrence plots of the A|, As and As coefficients as a function of solar wind
dynamic pressure for 1.04 MeV electrons at day side MLT (a,c,e) and night side MLT (b,d.f), respectively.
The median values of the Fourier coefficients in each bin of dynamic pressure are shown as black dots,
and the dashed lines give the interquartile range. The bold black lines show the quadratic trends fitted
to the medians using Equation 4.3. The contour function was applied to the plot. PADs for the median
values of parameters shown here can be found in Figure 4.2.

138



4.3. Model Construction

the quadratic trend line of the form:
Ay 35(Pdyn) = ¢o - Pdyn® + ¢; - Pdyn + ¢, (4.3)

where Pdyn denotes the solar wind dynamic pressure. We divide data into spatial bins using
a step of 1Thr MLT and 0.2 L, and in order to achieve better statistics we add data points from
within £3h MLT and +0.15 L-shell to each of the bins, which is equivalent to smoothing in L. and
MLT dimensions. At L>5.8, the step in L. was increased to +0.25 L due to the limited Van Allen
Probes statistics at high L-shells. By fitting the medians of each of the Fourier coeflicients to the
dynamic pressure using Equation 4.3, we obtain the matrices of the quadratic trend coefficients
Co.12 as functions of L and MLT. It is now necessary to introduce a continuous dependence on L
and MLT into the model.

In order to avoid a discontinuity at the 24-00 MLT boundary, it is commmon practice to re-
place MLT with its sine and cosine values, denoted as sMLT = sin(2x - MLT/24), and cMLT =
cos(2m - MLT/24) [see, e.g., Bortnik et al., 2016b; Katsavrias et al., 2021]. Then, the matrix of

the trend coeflicients c; is fitted to L, sM LT and cM LT using the equation:

N N N
co12(L, sMLT,cMLT) = Z Z (pije- L' - SMLT/ - cMLT"), (4.4)
i=0 j=0 k=0
i+j+k<N

where N is the degree of the polynomial. In this study we use an empirically selected value of
N=7. Including higher orders made the results oscillatory, while the polynomials of order less
than 7 were missing features seen in the data. The values of p;; are obtained using Theil-Sen
regression which is a modification of the multivariate linear regression robust to outliers [Theil,
1950; Sen, 1968]. The final model is a collection of the p;; coefficients, and from these the
initial Fourier coeflicients A; can be obtained through the script available from [Smirnov et al.,
2022b].

Figure 4.4 shows a comparison between the values of PAD coeflicients predicted by the
polynomial model and those averaged for the MagEIS data under dynamic pressure values of ~3
nPa (from 2.8 to 3.2 nPa). It can be seen that for all three coefficients, the model values are in

very good agreement with data averages. Several regions can be qualitatively defined in Figure
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Figure 4.4. A comparison between the median pitch angle coefficients A1, A3 and A5 from MagEIS data
(panels a, c, e, respectively) and their model values (panels b, d, f). The inset plots in panels (a, c, €) show
the standard deviations of the respective coefficients. The values shown here are for 735 keV electrons
and Pdyn~ 3 nPa.
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4.4. For instance, one can observe lowered values of Al and A3 coefficients on the dayside
at L> 5, which corresponds to steep pancake distributions. At high L-values on the nightside,
on the other hand, there is an increase in the A3 coefficient, which corresponds to the butterfly
distributions resulting from the drift shell splitting and magnetopause shadowing. At L ~ 5, the
butterfly coefficients A3 decrease to zero, and the corresponding PADs are of pancake type. This
is in line with theoretical predictions by Roederer [1967], who showed that drift shell splitting
is only effective at L > 5. One interesting feature in Figure 4.4c is the increase in the butterfly
coefficient A3 on the dayside at low L-values, which manifests as a band around 12:00 MLT but
is slightly shifted towards the dawn. These L-shells correspond to the slot region for the 735
keV electrons, and the existence of these butterfly distributions has previously been attributed
to the wave activity [e.g., Albert et al., 2016]. Smirnov et al. [2022¢c] demonstrate the same
comparison for Pdyn values of 0.5 nPa, corresponding to the quiet times, and Pdyn~ 5 nPa
corresponding to the storm-times (their Figure S2 in the Supporting information). The values of
the PAD coeflicients are in good agreement with MagEIS observations both for quiet and active
conditions, and the observed PAD morphology and activity dependence is in line with previous
results based on the superposed epoch analysis presented in Smirnov et al. [2022a]. Furthermore,
In Figure S4 in the Supporting Information of Smirnov et al. [2022c] it is demonstrated that
observed and modeled PAD shapes are in good agreement for several satellite orbits during
different phases of geomagnetic storms. Moreover, Figure S5 Smirnov et al. [2022c] shows
the modeled PAD coefficients under low and high (0.6 nPa and 6 nPa, respectively) values of
dynamic pressure both for day and night MLTs as a function of energy. It can be seen that the
values of the PAD coefficients in Figure S5 agree well with the previous study by Smirnov et al.
[2022a] which investigated the storm-time PAD evolution and therefore the model depicts the
main feature of the PAD dynamics across different energies.

The model constructed here describes the pitch angle distribution shapes for L=3-6 at en-
ergies from ~ 30 keV up to ~1.65 MeV. The model is continuous with respect to L and MLT.
Furthermore, the developed model is the first PAD model to have a continuous dependence on
activity, in this study parameterized by the solar wind dynamic pressure. It has been established

that the model captures the main effects seen throughout the storm-time evolution of pitch an-
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gle distributions. The model presented in the current Section gives the normalized PAD shapes.
In order to apply the model to the data one needs to be able to connect the PAD shapes to the
flux intensities, and the two methods to recover this information are described in the following

section.

4.4 Model Validation

4.4.1 Reconstructing Equatorial PADs Using Two Flux Measurements
At Low Pitch Angles

In this Section we describe the reconstruction of the full equatorial PADs using the developed
model and 2 directional observations of electron flux at low PAs. From Equations 4.1 and 4.2 it
is evident that after normalizing the PAD shapes, one needs to retrieve 2 parameters to relate the
PAD shapes back to flux magnitudes, namely the AO coefficient and the scaling factor equal to
maximum flux (j,.,) minus AQ. In this case, having two observations allows for an estimation
of these parameters using the following procedure.

At each of the two known equatorial pitch angles a; and a,, we can re-write Equation 4.1 in

the form:

jdata(a,-) =Ag+ A sin a; + As sin 3(1’,' + As sin SCY,', (45)

with i = {1, 2}, and for the same equatorial pitch angles, the normalized PAD shapes calculated

using the developed model can be expressed as follows:
Jmodet(@;) = A, sina; + Az sin 3a; + As sin 5a;. (4.6)
Therefore, one can write:
Jdaa(@i) =S - Jmode1(@;) + Ao, 4.7)

where s = jn.x — Ao 1S the scaling factor. It can be retrieved by dividing the difference between

the observed fluxes at two pitch angles to that calculated from the model. Then, the AO value
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Figure 4.5. (a) RBSP equatorial electron flux for 1.08 MeV, (b) RBSP equatorial flux reconstructed from
two lowest MagEIS pitch angles using the developed PAD model, (c) logarithmic difference between
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logarithmic difference between observed flux and the propagated one, (f) solar wind dynamic pressure.
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can be obtained by substituting values into Equation 4.7 for either of the data points. After both
of the parameters have been calculated, the full equatorial PAD can be reconstructed.

Figure 4.5 shows the validation of the modeled electron flux by the RBSP observations for
1.08 MeV MagkEIS channel. In Figure 4.5a, electron flux evaluated from RBSP observations at
a high equatorial PA of 80° is given. Each of the observed MagEIS PADs was propagated to 80
degrees by using the fit to Equation 4.1. In panel (b) we show electron flux reconstructed using
the method described above. We first compute the "observed" flux at 8° and 17° PA (i.e., the two
lowest MagEIS pitch angles). Then, these values are supplied as inputs and using the method
described above the flux at 80° equatorial PA is retrieved. It can be seen that the observed and
reconstructed fluxes are highly consistent, which shows the capacity of the model to reproduce
equatorial PADs from low pitch angle data. The logarithmic difference between the observed
and reconstructed flux is shown in panel (c). It is the logarithmic difference mostly shows values
within +0.25, although at a relatively small number of points there can be an underestimation on
the order of 1. These outliers mainly occur following the spikes of the dynamic pressure, in par-
ticular, when the Pdyn values decrease but the Kp index remains at elevated levels. This indicates
that the model could benefit from including time-history of solar wind parameters and geomag-
netic indices, which can be a topic of a future study. Furthermore, there is slight overestimation
of electron flux in the slot region (Figure 4.5c), which appears to be relatively independent of
activity. This is likely due to the fact that the flux in the slot region is often at background levels
and therefore there are less data points for the model fitting. Nevertheless, the mean logarithmic
difference at L < 4 equals -0.13, which is considered acceptable for radiation belts modeling.

It is also crucial to establish whether the model presented in this paper performs better than
a simple approximation of the form j(a) = A, sin(a). To retrieve electron flux at 80° equatorial
PA using this approximation, we use MagEIS electron flux evaluated at a low pitch angle of 12.5
degrees and obtain the A, value. In Figure 4.5d we show the flux propagated using the sin(a)
approach. It is apparent that electron flux is over-estimated compared to observations shown in
panel (a). The logarithmic difference shown in Figure 4.5e is much larger than that computed for
the Fourier-coefficients-based model. Indeed, while in panel (c) the logarithmic difference was

close to O throughout the test interval, in panel (e) the values are in general of the order of 0.5. In
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order to quantify the improvement in performance by the Fourier expansion compared to sin(a),

we calculated the skill score, given by the formula:

SS=1- —Z%l(mi —o) (4.8)

i1 (bi — 01)?
where m denotes the model values, o stands for observations, and b represents the baseline model
output. This metric quantifies the improvement over a baseline model, and is also sometimes
referred to as the prediction efficiency (PE) [for details see e.g., Morley et al., 2018; Glauert
et al., 2018]. In our case, the skill score equals 93%, meaning that the proposed approximation

and modeling of the pitch angle distributions is strongly beneficial compared to the standard

simplified approach.

4.4.2 Reconstructing Equatorial PADs From a Single Flux Measure-

ment

In order to reconstruct the equatorial electron pitch angle distributions from a single measure-
ment, be that a uni- or omni-directional one, it is necessary to create a model of the A0 coeffi-
cient. Here, we parametrize the A0 in each L-MLT bin (the binning procedure remains the same
as before) as a function of the solar wind velocity. The A0 coefficient essentially represents a
value of flux in the edge of the loss cone. It should be noted, however, that due to the fact that
RBSP did not have a high resolution in the loss cone, the AO value is not a physical parameter
but rather an artificial value from the details of the measurement that averages the zero-intensity
loss cone together with the finite intensities at small pitch angles. It has been well established
that changes in electron flux are related to the solar wind velocity which is why we use this quan-
tity here instead of the otherwise used pressure [Reeves et al., 2011]. It has also been noted that
solar wind velocity is one of the most meaningful predictor variables for empirical flux modeling
[e.g., Li et al., 2005; Wing et al., 2016; Sillanpéi et al., 2017; Smirnov et al., 2020a; Katsavrias
et al., 2022]. For relativistic electrons, Reeves et al. [2011] reported that the distribution of flux
versus SW velocity resembled a triangle. Kellerman and Shprits [2012] analyzed the normal-

ized occurrence histograms of electron flux observations at GEO with respect to the solar wind
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Figure 4.6. Normalized occurrence plots of the A coefficient as a function of solar wind velocity for
142 and 1.08 MeV electrons at day side MLT (a, c¢) and night side MLT (b, d), respectively. The median
A0 values in each velocity bin are shown as black dots, and the dashed lines give the interquartile range.
The bold black line shows the quadratic trends fitted to the medians.

velocity and reported a well-observed non-linear trend between them. In the present study, a
similar normalization procedure in used, namely, for each bin of solar wind velocity we compute
the normalized distribution of electron flux. In Figure 4.6, we show the normalized occurrence
histograms of the A0 in logarithmic scale on solar wind velocity for 2 energies (142 keV and
1.08 MeV) and day and night MLT sectors with L> 5.7. One can observe a strong dependence
of A0 on Vsw. While for the lower energies this dependence has a quadratic shape, for 1 MeV

electrons the trend appears linear.

In case of a single uni-directional measurement, Equations 4.5 and 4.7 can be applied in com-
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bination with an appropriate model of the A0 coeflicient. Furthermore, if the flux measurement is
locally omnidirectional, the model PAD can be integrated from 0° up to the maximum equatorial
PA, and the scaling factor can be retrieved through the same relation. It should be noted that the
A0 model used here is very simple, as it is well known that the solar wind velocity cannot fully
explain the variability of flux in the radiation belt region [e.g., Reeves et al., 2011]. For instance,
during quiet times the flux intensities can be lower than the averaged A0 value predicted using
this simple model. This would cause unphysical PAD shapes. To avoid this, the value of the
observed flux at ¢ needs to be higher than AQ. The entries where this does not hold are removed
from analysis. The reconstructions shown here use the PA value of 20°. The main interest in
such formulation lies in retrieving PADs from the omni-directional data for MEO constellations
such as GPS. Within the range of L-shells covered by our model (3 to 6), GPS pitch angles vary
from 90° to approximately 35-40°, and and the assumption on the selected PA holds most of the

time.

Figure 4.7 shows an example of the model reconstruction for the 142 keV electron flux.
Similar to Figure 4.5, in Figure 4.7a we show the RBSP flux during the test interval. In pannel (b)
the flux reconstructed using the A0 model and the developed pitch angle model is demonstrated.
Their logarithmic difference is shown in Figure 4.7c. It is evident that the model performs well
in the outer zone, as the difference between model predictions and observations is close to zero.
At the same time, a significant portion of the data in the inner zone and slot region is removed
during the flux reconstruction. This is likely due to the simplicity of the AO model we used here.
The slot region corresponds to highly complex dynamics, including slot filling events, that are
not expected to be captured by a flux model which depends only on solar wind velocity and does
not use time-history. It should be noted that at L<4, there is an overestimation of the inner zone
fluxes by the model, however it is smaller than for the reconstructions based on sin(a) function
(-0.33 compared to -0.5 in logarithmic scale). Therefore, even though the flux reconstructions
based on the A0 model remove most of the points in the slot region, the technique described in
this subsection gives good accuracy in the outer belt with an overall skill score of 39% over the

standard sin(@) approximation.
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4.5 Discussion

Electron pitch angle distributions are of paramount importance for understanding the physical
processes acting in the Earth’s radiation belts and ring current. Observations in the vicinity of
the geomagnetic equator yield the most complete information about the electron PADs, and the
equatorial PADs are also indicative of the processes in other parts of the inner magnetosphere.
For example, at an off-equatorial latitude a PAD sampled by a satellite can be retrieved by taking
a part of the corresponding equatorial PAD from 0° to the maximum equatorial PA corresponding
to the satellite location. The inverse, however, does not hold - it is physically impossible to
reconstruct the full equatorial PAD only having observations at high latitudes. However, that
information can still be filled in through independent sources as the empirical model that we

provide here.

In this study we analyzed electron PADs at energies 30 keV- 1.6 MeV in the outer belt. It
has been demonstrated that the PADs can be well approximated by a combination of the first,
third and fifth sine harmonics. We create an empirical model of the PAD shapes in terms of the
respective coefficients, driven by the solar wind dynamic pressure. We have also examined the
probability distributions of the PAD shape coefficients (A1, A3 and AS5) with respect to the AE
and SYM-H indices, as well as several solar wind parameters (velocity, By and Bz components
of the interplanetary magnetic field). It was found that of the considered proxies the dynamic
pressure was the best parameter to capture the PAD dynamics with increasing activity, while
other parameters exhibited much weaker or irregular trends (see Figure S3 in the Supporting in-
formation of Smirnov et al. [2022c]). Furthermore, asymmetries in the terrestrial magnetosphere
can to a large extent be attributed to changes in SW pressure, and therefore we used it as a pre-
dictor variable for the model. At the same time, the AO coefficient exhibited a strong dependence
on solar wind velocity. This coeflicient represents electron flux in the loss cone, and the relation
of flux to SW velocity has long been established [see e.g. Reeves et al., 2011]. We note, however,
that the quadratic relation of Ay to vy, introduced here is very simple, and the appropriate time
lag between the two, which for energies of > 1 MeV can be in the order of several days, was not

investigated.
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(a) Skill score using 2 low-PA observations
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Figure 4.8. Associated skill score (SS) of the 80° equatorial PA electron flux reconstructions using the
proposed PAD model over the simple sin(a) approximation using two methods proposed in Sections
4.4.1 and 4.4.2. (a) SS of the reconstructions using 2 observations at low pitch angles; (b) SS of the
reconstructions from a single unidirectional flux measurement.

Our PAD model was constructed for the normalized PAD shapes, and in order to reconstruct
the equatorial electron flux values it is necessary to employ electron flux observations. We de-
scribe two techniques for flux reconstructions. The first method (Section 4.4.1) involves two flux
observations at low equatorial pitch angles. Another method, described in Section 4.4.2, can be
used when a single flux measurement is available and works for both uni- and omni-directional
observations. It was established that the developed model outperforms the standard sine ap-
proximation. In Figure 4.8, we demonstrate the skill score of our PAD model over the simple
propagation of flux to high PAs using the sin(e) function for both methods, binned by 0.2 L for
each of the MagEIS energy channels. The skill score for the first method (involving two low-PA

data points) is generally very high (over 90%) at all energies and L-shells, except for the slot
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region where the SS values are ~ 40%. Furthermore, as shown in Figure 4.3, the reconstructed
flux values are very close to the MagEIS observations. Therefore, the developed model can be
a useful tool for highly accurate reconstructions of the equatorial flux from observations at low

PAs.

In Figure 4.8b, we demonstrate the skill score for the second method which involves a single
flux measurement. It can be seen that at energies >~ 300 keV the model outperforms the standard
approach by > 50% in the outer belt. Furthermore, at lower energies the flux reconstructed using
the sin() is underestimated at low L-shells (as shown in Figure 4.7d), and therefore the skill
score corresponding to the outer edge of the inner zone is generally above 50%. However, in
the slot region, a significant number of points are removed during the flux reconstructions (see
also Figure 4.7b) and the corresponding SS values are around zero and sometimes negative. This
means that the second method does not lead to any improvement over sin(a) extrapolation in the
slot region. This is due to the fact that this approach relies on the AO model, which as described
above is rather simple and does not carry the full information about the flux variability, even more
so in the slot region where the dynamics are very complex. It should be noted, however, that the
statistics in the slot region are based on a much smaller number of points, and furthermore,
electron flux in the slot region is often at background levels and the performance metrics may
not be appropriate in this case. The second approach presented here can be applied to reconstruct
the pitch angle distribution of flux in the outer belt at energies >~ 300 keV, but in order to extend
this method to lower energies and L-shells a more precise AO model needs to be developed in the
future. Introducing such a model will likely lead to higher SS values matching those in Figure

4.8a.

4.6 Conclusions

Using the full MagEIS data set of pitch angle resolved electron flux at energies 30 keV - ~1.6
MeV in 2012-2019, we analyze equatorial electron PADs at L=3-6. To fit the pitch angle distri-
butions with a combination of the first, third and fifth sine harmonics. This approximation can

fit all PAD types observed in the outer radiation belt, and the coeflicients before the three sine
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terms relate to the main PAD shapes. Furthermore, the resulting expression can be analytically
integrated and the fitted PADs converted to omnidirectional flux.

We present a PAD model with a continuous dependence on L, MLT and activity parametrized
by the solar wind dynamic pressure. We demonstrated that the model can be applied to recon-
struct the full equatorial PADs from observations at low pitch angles, and therefore can be applied
to LEO data. In particular, it can help with using the LEO observations for data assimilation [e.g.,
Castillo Tibocha et al., 2021], for driving the boundary conditions of the physics-based simula-
tions, and for converting these measurements to phase space density in terms of adiabatic invari-
ants for which the correct PAD shapes are critically important [Chen et al., 2005]. Moreover,
the model can be applied to reconstruct the equatorial PAD from a single uni- or omnidirectional
measurement. This is of particular interest for the long-term MEO constellations, for instance,
the GPS constellation [Morley et al., 2018] and the Cluster mission [e.g., Smirnov et al., 2019b,
2020b; Kronberg et al., 2021], and would add to the availability of the PA-resolved data in the
outer radiation belt region. The model can further be extended to higher L-values by using the
data from the currently operating Arase constellation, already cross-calibrated with the RBSP

[Szabo-Roberts et al., 2021].
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Adiabatic invariants calculations for Cluster

mission: a long-term product for radiation belts

studies *

Abstract

The Cluster mission has produced a large dataset of electron flux measurements in the Earth’s
magnetosphere since its launch in late 2000. Electron fluxes are measured using RAPID/IES de-
tector as a function of energy, pitch-angle, spacecraft position and time. However, no adiabatic
invariants have been calculated for Cluster so far. In this paper we present a step-by-step guide
to calculations of adiabatic invariants and conversion of the electron flux to PSD in these coordi-
nates. The electron flux is measured in two RAPID/IES energy channels providing pitch-angle
distribution at energies 39.2-50.5 keV and 68.1-94.5 keV in nominal mode since 2004. A fitting
method allows to expand the conversion of the differential fluxes to the range from 40 to 150
keV. Best data coverage for PSD in adiabatic invariant coordinates can be obtained for values of
second adiabatic invariant, K ~ 10> nT!/?2Rg, and values of the first adiabatic invariant u in the
range ~5-20 MeV/G. Furthermore, we describe the production of a new data product *LSTAR’,
equivalent to the third adiabatic invariant, available through the Cluster Science Archive for years
2001-2018 with 1-minute resolution. The produced dataset adds to the availability of observa-

tions in Earth’s radiation belts region and can be used for long-term statistical purposes.

“This chapter has been published as Smirnov, A.G., Kronberg, E.A., Daly, PW., Aseev, N.A., Shprits, Y.Y.
and Kellerman, A.C. (2020): Adiabatic invariants calculations for Cluster mission: A long-term product for radia-
tion belts studies. Journal of Geophysical Research: Space Physics, 125(2), p.e.2019JA027576.
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5.1 Introduction

In 1958, US spacecraft Explorer-1 [e.g., Williams, 1960] was launched into the orbit, carrying
onboard the experiment originally intended for measuring the cosmic rays. The measurements
were susceptible to the energetic electrons in the regions that later became known as Van Allen
radiation belts. There are proton and electron radiation belts. Electron radiation belts exhibit a
two-zone structure: the inner belt lies from L=1 to ~ 2.5, the outer belt is located between L-
values from ~ 3 to 7 with maximum electron fluxes at L~ 4 -5 [Lyons et al., 1972]. Two electron
radiation belts are separated with a so-called slot region situated within L-values from ~ 2 to 3
[Baker et al., 2018]. The slot region is formed by a balance between pitch angle scattering loss
to the atmosphere and inward radial diffusion [Lyons and Thorne, 1973; Kavanagh et al., 2018]
and is usually devoid of energetic electrons. Protons form a single radiation belt with maximum

flux intensities between L-values 3 to 4 [Ganushkina et al., 2011].

The radiation belts can pose significant hazard to satellites. Relativistic particles with en-
ergies >1 MeV can penetrate through satellite shielding and burn the equipment onboard down
[e.g., Koller et al., 2008]. Moreover, particles at smaller energies of ~50-100 keV (a so-called
seed population) can accumulate at the surface of the satellite thus generating internal currents
that can also lead to satellite loss [e.g., Fennell et al., 2000]. Although most of the spacecraft
flying in the radiation belts are affected by the energetic particles, relatively few satellites provide
measurements of the radiation belts population [Koller et al., 2008]. Amongst them, one of the
longest ongoing missions is the Cluster mission launched in 2000 [Escoubet et al., 1997]. The
mission consists of the four identical spacecraft, each carrying onboard the RAPID/IES detector
measuring electron fluxes at energies 30-400 keV. It should be noted that the IES detector was
not specifically designed for radiation belts studies and as such is subject to background contam-
ination by the high-energy electrons (>400 keV) and inner-zone protons. However, the recently
developed background correction techniques proved to efficiently remove the contamination thus

making an enormous dataset available for the inner-magnetospheric science [Kronberg et al.,

2016; Smirnov et al., 2019b].

The IES detector provides measurements of electron fluxes as a function of energy, pitch
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angle, position, and time. However, for many scientific applications, especially those concerning
the dynamics of electron radiation belts, it is necessary to investigate the phase space density as
a function of the phase space coordinates (also called adiabatic invariants) [Chen et al., 2005;
Hartley and Denton, 2014]. In particular, one of the most essential parameters currently used
in inner-magnetospheric research is the third adiabatic invariant L*. The two major uses of
the L* parameter are the real-time satellite tracking in the L* coordinate and mapping between
the invariant and phase spaces [Min et al., 2013]. Amongst other applications, it is used in
radial diffusion simulations, enables to reconstruct the particles drift and determine the energy
exchange in the magnetosphere [Yu et al., 2012]. It is also crucial for the PSD gradient analysis
used for studying acceleration and losses of the outer belts electrons [e.g., Green and Kivelson,
2004].

In this paper we present a step-by-step guide of the calculation of the adiabatic invariants and
the conversion of electron fluxes to phase space density for Cluster electron data. Among these
we describe the details of the new data product developed for the Cluster Science Archive - the
LSTAR, available with one minute resolution for more than 18 years of the Cluster measurements.
The structure of the paper takes the form of three parts, including this introductory section.
Section 2 is concerned with data set and the methodology of adiabatic invariants calculations

and conversion of electron fluxes to PSD. Section 3 gives the conclusions.

5.2 Methodology

5.2.1 Adiabatic invariants

As defined in classical mechanics, under the changing conditions of motion one can define the
quantities, called adiabatic invariants, which remain constant when changes are slow [Landau
and Lifshits, 1960]. Since the timescales of charged particles motion in the Earth’s magneto-
sphere are much smaller than those of the geomagnetic field change, adiabatic invariants can
be introduced in order to understand a variety of physical processes. Charged particles in the

inner magnetosphere undergo three types of periodic motion and each type is associated with an
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adiabatic invariant. The first type, cyclotron motion around the magnetic field line, conserves the

first invariant y which is expressed as follows:

P
szB,

(5.1)

where p? is the electron momentum orthogonal to the magnetic field direction, and my is the
electron’s rest mass and B is the magnitude of the magnetic field.

This invariant is associated with the magnetic flux through the surface covering the parti-
cle’s Larmor orbit. In addition, converging of the geomagnetic field toward the poles makes the
particles oscillate between two mirror points. This second type of motion is associated with an
invariant J. In the general case it includes both parallel particle momentum and magnetic field

geometry through the following equation:

J = 2 \2mo f " /By = B(s)ds, (5.2)

where the integral is taken along the field line between 2 mirror points s,, and s, B(s) is the
magnetic field at point s and B,, is the magnetic field at the mirror point. In Equation 5.2, the
term outside of the integral is constant. Therefore, one can write another form of the second
invariant, depending only on magnetic field and not the particle characteristics, as follows [Chen

et al., 2006]:
K = f " VB, = B(s)ds. (5.3)

Furthermore, an increase in distance between the mirror points leads to a decrease in particle
momentum parallel to the magnetic field and particle energy, and vice versa, when magnetic
mirrors converge the particles are accelerated to higher energies. The third invariant © is related
to the azimuthal drift around the Earth and represents the conservation of magnetic flux through
the closed drift shell of a particle. The third invariant is conserved on timescales of hours in case
of weakly changing magnetic field [Chen et al., 2005].

Adiabatic invariants are approximate integrals of motion [Somov, 2012]. In practice it is
often more convenient to use some equivalent proxies to estimate the values of the invariants. For

instance, when no parallel forces act on a particle, the momentum is conserved along a bounce
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path [Green and Kivelson, 2004]. One can therefore define an integral invariant coordinate /,

which is a proxy of the second invariant [Roederer and Zhang, 2016]:

S,/” B
I = f N ﬂals, (54)
Sm Bm

I has the units of distance (km or Rg) [Konstantinidis and Sarris, 2015].

The Roederer L parameter, or L*, is a dimensionless proxy of the third adiabatic invariant

and is defined as:

X =-—" 5.5
DR, (5.5)

where M is the Earth’s dipole magnetic moment. The L* parameter shows the radial distance to
the equatorial plane where the electron would remain if all external magnetic fields were removed
[Green and Kivelson, 2004].

PSD f as a function of adiabatic invariants can be obtained from satellite measurements of

particle flux j through the relation:
==L (5.6)
p

In order to analyze PSD at fixed values of the adiabatic invariants a number of steps involving
interpolation should be performed. The technique used for such conversion applicable to the

RAPID/IES electron observations is described in detail below.

5.2.2 Data set

Launched in 2000, the Cluster mission with RAPID/IES detectors onboard has provided a large
data set of electron flux observations in Earth’s radiation belts and ring current. The Cluster con-
stellation follows the polar elliptical orbit, systematically passing through radiation belts region
[Escoubet et al., 1997]. It should be noted that Cluster orbit has been evolving over time due to
the lunisolar perturbations. Starting with the initial perigee at around 4 Rg and apogee at 19.6
R, the perigee was gradually declining up to 1.2 Rg in 2010 and then rising again up to ~6 Rg

in 2019. Therefore, Cluster has mainly been passing through the outer belt but traveled through
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Table 5.1. Lower thresholds of electrons energy channels for RAPID for the omnidirectional flux (ES-
PCT6’ product) and PA-resolved (L3DD’ product).

Channel ESPCT6 L3DD

39.2 39.2
50.5 —
68.1 68.1
94.5 —
127.5 —

6 244.1 —
Upper 406.5 945

N B~ W N =

the inner belt as well in 2007-2013 (for further details on the spatial coverage refer to [Smirnov

et al., 2019b)).

Electrons with energies 30-400 keV are measured by the RAPID/IES instrument aboard each
of the four satellites. IES is a solid-state silicon detector consisting of three pin-hole systems.
Three of these detectors are combined in a configuration providing electron flux observations
over a 180° range [Wilken et al., 1997]. The energy channels of the IES detector are given in
Table 5.1. Electron distributions are delivered in the nominal telemetry mode (NM, active most
of the operation time) and burst mode (BM, allows 4 times more data but only for short peri-
ods of several hours per week) [Kronberg et al., 2015]. The omnidirectional electron fluxes are
provided in the nominal mode for all 6 energy channels (' ESPCT6’ product) since the start of
measurements, whereas the pitch angle distribution was provided at the beginning only in burst
mode (’E3DD’ product). Starting in April 2004 an additional electron product became available
in the nominal mode. This product, called ’PAD_L3DD’, was added after reprogramming the on-
board DPU and provides the electron pitch angle distribution for channels 1 and 3 for nine pitch
angles, see details in [Kronberg et al., 2015]. We note that for our purposes the *E3DD’ product
does not have enough temporal coverage, and thus for conversion to PSD we will furtherafter

use the L3DD’ product.
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5.2.3 IRBEM library

A variety of tools has been developed for the adiabatic invariants calculations. Amongst them
is the physics-based LANLGeoMag providing L* values for the Van Allen Probes constellation
in real time [Mauk et al., 2012]. In addition, the LANLGeoMag computes several other mag-
netospheric parameters by obtaining a numerical solution to the equation of motion with high
accuracy [Min et al., 2013]. Koller et al. [2008] used a neural network to predict L* values based
on the statistical training of the network. In the present paper we use the International Radiation
Belt Environment Modeling (IRBEM/ ONERA) library [Boscher et al., 2012], relying on the
physics-based principles. The library is fully open access and allows computation of magnetic
coordinates and fields as well as geographic and heliospheric coordinate transformations and at-
mospheric models runs. The IRBEM-Iib is written in Fortran but can be called using the IDL
and MATLAB interfaces. Recently, the Python interface has been developed allowing to employ

the IRBEM-lib functionality through the open access high-level language [Shumko et al., 2018].

Several of the IRBEM functions can be used to compute the adiabatic invariants. Amongst
others, there is a 'make_lstar’ function. It allows to calculate magnetic coordinates at any
satellite position [Boscher et al., 2012]. In Python interface, the function takes as an input: time
in decimal format; specifications of the magnetic field model, output parameters that should be
returned and coordinate system; satellite position and the magnetic field input depending on the
selected model. We note that since the 'make_lstar’ function does not require pitch angles as
input it neglects the slight dependency of L* on local pitch angle. In order to fully account for
the latter, a 'make_lstar_shell_splitting’ function can be employed. It requires the same
input as 'make_lstar’ with addition of local pitch-angles. The outputs include the L and L*
values, magnetic field strength at the mirror point (B,,;,,) and at position of satellite (B(s)), MLT
and the 7 value (see Equation 5.4). Therefore, by calling this function one can obtain the values
of the third invariant L* as a direct output and also the values of the second adiabatic invariant K

through the relation

K =1+/B,. (5.7)
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5.2.4 Conversion of electron fluxes to phase space density

PSD analysis under fixed values of adiabatic invariants has notable advantages over the conven-
tional electron flux studies. In particular, it helps to separate non-adiabatic from adiabatic effects
and allows to employ observations from different magnetospheric regions [Chen et al., 2006].
Conversion of the measured electron differential flux j(E, @,r,?) as a function of energy, pitch
angle, position, and time to phase space density f(u, K, L*,t) as a function of three adiabatic
invariants and time is done in the following steps described below. The described calculations
were implemented as a set of Python and MATLAB routines and are available in open access
at [Smirnov et al., 2019a]. Figure 5.1 gives the schematics of the PSD calculations. We first
perform the L* calculations, as this parameter is necessary for the background contamination

removal.

Preliminary steps

(i) Calculations of L* parameter. L* coordinate is equivalent to the third adiabatic in-
variant. The values of L* with 1 minute resolution can be obtained through the Cluster Science

Archive (https://csa.esac.esa.int/csa-web/, "LSTAR’ product).

For the LSTAR’ product, calculations were performed using the IRBEM library (’make_lstar’
function). As mentioned above, for calculations of L* it is necessary to specify the satellite po-
sition, magnetic field model (since the fluxgate magnetometer onboard gives the magnetic field
value at only one point) and geomagnetic/magnetospheric conditions. Tsyganenko-89 magneto-

spheric model, T89, [Tsyganenko, 1989] with Kp-index as an input was employed.

(ii) Background correction. Since the RAPID/IES electron flux measurements are sub-
ject to contamination in the radiation belts region, it is necessary to perform a background data
correction to avoid erroneous values during the next steps. In the present paper we use the em-
pirical contamination coefficients described in detail in [Kronberg et al., 2016] and [Smirnov
et al., 2019b]. Kronberg et al. [2016] derived empirical percentages of contamination for differ-

ent L* values on all IES energy channels. The contamination coefficients for channels 1 and 3
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Figure 5.1. Schematics of the electron differential flux conversion to PSD. Initial data matrix contains at
each time the flux values at 2 energy channels and 9 pitch angles. After steps 1-5, one value of PSD for

the fixed adiabatic invariant values is obtained for each time.
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Table 5.2. Total contamination (%) of the IES Detector in the Earth’s Radiation Belts [after Kronberg
et al., 2016].

Channel L*=1 L*=2 L*=3 L*=4 [*=5 L*=6 L*=7 L*=8 L*=9

1 2.63 2.87 19.59 31.4l1 9.27 1.33 0.44 0.26 0.17
3 1229  12.04 43.18  48.7 20.2 6.15 2.68 1.61 1.06

are shown in Table 5.2. In order to filter the IES electron fluxes, we subtract the part of intensity

attributed to the contamination using the following equation:

Ielectrons = Imeasured * (1 - %)9 (58)

where 1,,.45ureq 1S the total measured electron flux intensity, p - percent of contamination from the

Table 5.2, Ljecirons - the filtered electron intensity.

(iii) Calculations of K. K is one of the forms of the second adiabatic invariant. It depends
on the configuration of the magnetic field and is independent of the particle’s energy, charge
and momentum (as can be seen from Equation 5.3). Cluster data resolves 9 pitch angles from
10° to 170° with a 20° step. Since K values are symmetric with respect to 90° pitch angle, we
compute K for 5 pitch angles from 10° to 90° via the 'make_lstar_lsplitting’ subroutine
implemented in the IRBEM/ONERA library. As input parameters we use local pitch angles at
which to compute K, satellite position, and Kp-index as a magnetic input parameter required by
the T89 model. The output of the 'make_lstar_lsplitting’ subroutine includes the I values
(see Equation 5.4) and magnetic field value at the mirror point. We then obtain K through the
Equation 5.7. We note that there are different units commonly used during K calculations, such
as G'?km and nT!/>R [Hartley and Denton, 2014]. In this paper we use the latter units.

(iv) Choose target values of K and p. Different values of the first and second adiabatic
invariants are related to different physical mechanisms. For instance, for higher K target values
the corresponding pitch angle will be smaller and the particle motion will be closer to parallel
to the magnetic field. Therefore, one needs to set up the specific values of K and u before the

following steps.
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Cluster-2, 06/08/2004, 22:49
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Figure 5.2. Example of pitch angle distribution fit for channels 1 and 3. The fitting is done using equation
5.9 and allows the flux estimation at @;. The red triangles show the observed flux at different pitch angles
and the blue like represents the fitted flux for IES channel 1; the green dots show the observed fluxes at
channel 3 and the black line represents the fitted flux for IES channel 3.

Step 1. Fit pitch angles to K to obtain a;. The second adiabatic invariant K is independent
of the momentum and depends only on the satellite position, local pitch angles and magnetic
field geometry. To each pitch angle there exists a corresponding value of K. As discussed above,
the K values are symmetric with respect to 90° pitch angle and for the fit one can use the pitch
angles from 10° to 90°. We perform a linear fit using the interp function implemented in the
NumPy library [Oliphant et al., 2006]. The illustration of such linear fit is given in Figure 5.1.

Step 2. Fit pitch angles to flux to obtain full pitch angle distribution. In order to retrieve flux
values at a specific a; it is necessary to compute the full pitch angle distribution. This is done by
fitting a functional form, relating pitch angles to the observed flux. The standard approach uses
the relation:

lgj=A-sin"a (5.9)
and seeks optimal values of A and n by the least-squares fit. An example of such a fit is given in
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Weekly averaged PAD: Channel 3 of Cluster-4 in 2008 % 10%
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Figure 5.3. Weekly averaged pitch angle distribution (PAD) for channel 3 of Cluster-4 in 2008. The pitch
angle distribution has predominantly a pancake shape.

Figure 5.2. It should be mentioned that this method can be used efficiently to fit pancake, field-
aligned and flattop distributions but it cannot adequately reproduce butterfly PAD’s. However,
the electron PAD’s observed by the Cluster/IES instrument in radiation belts region predomi-
nantly have the pancake shape. An example of the weekly averaged PAD for IES channel 3 is
shown in Figure 5.3.

Step 3. Perform the energy fit of differential fluxes using the relation j(E) = a exp(bE). IES
measurements are available for channels 1 and 3, therefore we only have two points for such a
fit. However, for the IES electron fluxes we adopt the same distributions as in AE9 model [Ginet
etal., 2013], where the a and b coeflicients remain quai-constant for all L* values in energy range
~40-150 keV. In logarithmic scale it is equivalent to fitting a straight line to the data, which can
be done in a unique way using two data points:

A . Ei
log,q J(Ei, ax) = logq ji(ax) +log, (E_l)

log,g j3(@r) —logyg ji(ax)
log,, E5 — log,, E;

, (5.10)

where ] is the fitted value of flux, E; is the energy at which we want to estimate the flux, £, and

Ej5 are the effective energies of channels 1 and 3, respectively (all terms are in logarithmic scale)

164



5.2. Methodology

Energy fit using channels 1 and 3 of Cluster-4, 12 March 2001, 17:11
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Figure 5.4. Example of the fitting the electron differential flux by energy in double logarithmic scale.
Circles show the data points on channels 1 and 3 used for the fit, the solid lines represent the fitted fluxes,
and the squares give the IES observations taken from the ’E3DD’ product for channels 2 and 4-8. The
extrapolation works well up to 5th energy channel (150 keV).

With a step of 10 keV, we obtain the differential flux values using Equation 5.10. The example
of such fit is shown in Figure 5.4 based on the full 3D distribution taken from *E3DD’ product
in 2003. From Figure 5.4 it is evident that the proposed fit gives realistic estimates of flux for
energies 40-150 keV.

Step 4. Calculate the first invariant 4 and PSD values for all energies E; = {40, 50, ..., 150}
keV using the following formulas:

E(E; + 2mOC2) . Sil’l2 g
B - 2myc?

10° [MeV]

G (5.11)

U(E;, ap) =

where E; is energy in MeV, myc? - rest energy of the particle (for electrons equal to 0.511 MeV),
B - magnetic field measured by the satellite in nT and « is the pitch angle, in our case equal 90°;

J(E)

— Y .332x%x 1078, 5.12
E(E + 2mgyc?) ( )

f(E) =
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Figure 5.5. Percent of the data points available for different target K and u values. The most data points
are available under p; ~ 5 — 20 MeV/G and K, ~ 100 — 1000 nT!/’R.

where f(E;) is phase space density in GEM (Geospace Environment Modeling) units (c/MeV/cm)?
for the corresponding energy, J(E;) is electron differential flux from Equation 5.10 in units
cm™2sr 's7'keV~!. We note that since the Cluster mission has a polar orbit it can travel through
the dielectric cusp region, where the physical processes are totally different from those in radia-
tion belts. The L* approximation is based on the T89 model which is computationally efficient
but may not account for local field irregularities. In order to avoid data from the cusp region, we
put a limit on the magnetic field: it should be higher than 80 nT.

Step 5. Interpolate the PSD values onto the target value of u. Such interpolation can be

performed, for example, using the Python function numpy . interp in the following way:
PSD_target = numpy.interp(mu_target, mu, PSD),

where lengths of mu and PSD arrays equal the number of E;. It is a common practice to use

logarithmic values of PSD and u during interpolation. A visual scheme of such interpolation is
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given in Figure 5.1. Fitting the differential flux versus energy should be performed in the energy
range from 40 to 150 keV.

Thus, one gets the value of PSD f(u, K, L*,t) as a function of adiabatic invariants and time.
The percent of data values for different u, in range 5-250 MeV/G and K, in range 0.1-1258
nT!/?R for all Cluster satellites is shown in Figure 5.5. For all four Cluster spacecraft the most
data values can be obtained when y, lies in range ~5-20 MeV/G and for higher values of K
(~ 100-1000 nT!?Rg). Examples of PSD merged over all four Cluster spacecraft for the most

probable values of K and u are given in Figure 5.6.

5.3 Discussion

The Cluster mission has been measuring the pitch-angle resolved electron flux in the nominal
mode since 2004, thus covering approximately 1.5 solar cycles: the declining phase of solar
cycle 23 (2004-2008) and solar cycle 24 (2008-2019). Therefore, the RAPID/IES electron mea-
surements converted to the adiabatic invariants coordinates can be used for long-term statistical
analysis of Earth’s radiation belts and ring current dynamics. Figure 5.6a,b,c shows the phase
space density evolution along the declining phase of solar cycle 23, the historical minimum of
solar activity in 2008-2009 and during the following solar cycle 24 for several values of the first
and second adiabatic invariants.Figure 5.6d gives the monthly smoothed AE and F10.7 indices.
The F10.7 index is a proxy of the solar emissions from chromosphere and corona, thermal
gyroresonance over sunspots and nonthermal emissions [Tapping, 2013]. The F10.7 index fol-
lows the general pattern of the solar cycle variation exhibiting peaks during solar cycle maxima.
The AE index is calculated as a difference between the upper and lower envelopes of the mag-
netic variations in H component from 12 geomagnetic observatories located at 61° — 70° latitude
in the Northern Hemisphere [Kamide and Akasofu, 1983]. The AE index is a proxy of the sub-
storm activity and has peaks during the declining phases of the solar cycles 23 and 24. We use
the AE index due to the fact that the Cluster PSD coverage shown in Figure 5.6 is within L* from

~4 to 9, which when mapped to the ground coincide with the latitudes at which the AE index
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Figure 5.6. Examples of PSD for Cluster-1 - Cluster-4 under the target values of adiabatic invariants (a)
K = 158 nT'?Rg and u = 20 MeV/G, (b) K = 251 nT!/?R and u = 10 MeV/G, (c) K = 398 nT'/?Rg
and 4 = 5 MeV/G. Monthly smoothed AE (red) and F10.7 (blue) indices in 2004-2019 are shown in panel
(d).
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is measured. Furthermore, Smirnov et al. [2019b] showed the correlation between the electron
fluxes measured by the IES detector at energies ~ 40 —400 keV and the AE index and solar wind
dynamic pressure, while no significant correlation was found between electron fluxes and the
F10.7. This is due to the fact that the F10.7 follows the sunspot cycle while the other parameters
follow the occurrence of coronal holes and high speed streams which occur more often during

the declining phase causing the radiation belts enhancements.

It has long been established that the substorm activity plays an important role in radiation
belts electron transport and acceleration [e.g., Jaynes et al., 2015; Boyd et al., 2016; Zhao et al.,
2017]. The source population electrons with energies of tens of keV are injected into the inner
magnetosphere during substorms and produce waves (for instance, the whistler mode chorus)
[Boyd et al., 2016]. The so-called seed population electrons with energies of up to a few hundred
keV are also injected during the substorms and can be accelerated to relativistic energies by
wave activity [e.g., Baker et al., 1998]. Zhao et al. [2017] showed that the AL index had good
correlation with PSD enhancements for energetic electrons, suggesting the direct transport of
low-u electrons from substorm injections. From Figure 5.6 it is evident that at L* ~ 4 — 6 the
PSD follows the pattern close to that of the AE index. The PSD values are generally higher
during the descending phase of the solar cycle 23 in 2004-2005 and exhibit minimum values
during the time of the so-called ’radiation belts desert’ in 2009-2010, which also corresponds
to the intense dip in the AE index. The largest PSD values at these L* can be observed during
the descending phase of the solar cycle 24 in 2015-2017. Li et al. [2010] analyzed the global
distribution of PSD for low-u electrons and showed that higher PSD values correspond to the
higher AE values (e.g., their figure 9a), which goes well with our findings shown in Figure 5.6.
Furthermore, Li et al. [2010] reported that the radial PSD gradient was positive for u in range
0.05-2 MeV/G suggesting the radial diffusion caused by the magnetospheric activity. Our results
are in good agreement with findings of Li et al. [2010], since the PSD values in Figure 5.6

generally increase towards higher L*.
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5.4 Conclusions

Using the step-by-step guide to the adiabatic invariants calculations presented in this paper, the
large Cluster dataset covering almost 2 solar cycles can be used for long-term statistical studies
in terms of electron phase space density in the corresponding coordinates. Furthermore, since the
Cluster constellation consists of 4 spacecraft the data can be useful for PSD gradients analysis.
Using the IRBEM library, the L* coordinate was calculated with 1 minute resolution for
the Cluster mission in 2001-2018. The created product called *LSTAR’ is available through the
Cluster Science Archive [https://csa.esac.esa.int/csa-web/] as one of the "Auxiliary,
MAARBLE and ECLAT support data" files. The developed product has numerous scientific
applications in the field of radiation belts research, such as, for instance, the more precise satellite
tracking in terms of L* coordinate compared to the simplified L-shell parameter. Cluster data
converted to adiabatic invariants coordinates can be used for physical models validation with
data, model set up in the form of initial or boundary conditions (e.g., for the now- and forecasting
models), and for data assimilative models. Furthermore, the Cluster dataset can be used to study
injections in terms of phase space density. The developed product may be complementary to
other data sets and may help more accurately reconstruct the radial profiles of PSD for different

energies and locations.
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— 6 —
Intercalibration of the plasma density

measurements in Earth’s topside ionosphere *

Abstract

Over the last 20 years, a large number of instruments have provided plasma density measure-
ments in Earth’s topside ionosphere. In order to utilize all of the collected observations for
empirical modeling, it is necessary to ensure that they do not exhibit systematic differences and
are adjusted to the same reference frame. In this study, we compare satellite plasma density ob-
servations from GRACE, COSMIC, CHAMP, Swarm and C/NOFS missions. Electron densities
retrieved from GRACE K-Band Ranging (KBR) system, previously shown to be in excellent
agreement with incoherent scatter radar measurements, are used as a reference. We find that
COSMIC radio occultation (RO) densities are highly consistent with GRACE-KBR observations
showing a mean relative difference of < 2%, and therefore no calibration factors between them
are necessary. We utilize the outstanding three-dimensional coverage of the topside ionosphere
by the COSMIC mission to perform conjunction analysis with in situ density observations from
CHAMP, C/NOFS and Swarm missions. CHAMP measurements are lower than COSMIC by
~ 11%. Swarm densities are generally lower at daytime and higher at nighttime compared to
COSMIC. C/NOFS ion densities agree well with COSMIC, with a relative bias of ~ 7%. The
resulting cross-calibration factors, derived from the probability distribution functions, help to
eliminate the systematic leveling differences between the data sets, and allow using these data

jointly in a large number of ionospheric applications.

“This chapter has been published as Smirnov, A., Shprits, Y., Zhelavskaya, 1., Luhr, H., Xiong, C., Goss,
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6. Intercalibration of the plasma density measurements in the topside ionosphere

6.1 Introduction

The ionosphere is an ionized part of the upper atmosphere, spanning from 60 to around 1000
km in altitude [Hargreaves, 1992]. It arises mainly due to the photoionization effects from the
solar EUV radiation and charged energetic-particle precipitation [Kivelson and Russell, 1995].
Generally, the ionosphere is strongly coupled with the thermosphere [Astafyeva, 2019]. The
latter supplies the neutral particles that can be ionized, and plays a crucial role in the interplay
between the production (source) and recombination (loss) processes. The ionosphere affects the
propagation of the GNSS signals by introducing frequency-dependent delays. Unlike the neutral
atmosphere, which can cause errors in navigation and positioning in the order of several me-
ters, ionospheric effects can yield uncertainties of up to ~100 m [e.g., Petit and Luzum, 2010;
Herndndez-Pajares et al., 2011]. Ionospheric delays are inversely related to the square of car-
rier frequency, and directly proportional to electron density integrated along the ray path [e.g.,

Hobiger and Jakowski, 2017; Goss et al., 2019].

Electron density distribution in the ionosphere strongly depends on altitude and can be di-
vided into several layers, originally identified from ionograms: the D-layer (60-90 km altitude),
E-layer (90-130 km), and F-layer (above 130 km), which can be subdivided into F1 and F2 lay-
ers [e.g., Astafyeva, 2019]. The dominant contribution to electron density profiles comes from
the peak of the F2 layer, generally located between ~250 and 400 km in altitude. The part of
the ionosphere located above the F2-peak altitude is referred to as the topside ionosphere; it has
a smooth transition into the plasmasphere at approximately 800-1000 km in altitude. Previous
studies have indicated that the topside ionosphere and the plasmasphere are a major constituent
of the vertical TEC, accounting for up to >60% of the TEC magnitudes [e.g., Yizengaw et al.,
2008; Cherniak et al., 2012; Lee et al., 2013; Klimenko et al., 2015]. The F2-peak density
(NmF2) and the peak height (hmF2), due to their importance for radio operation, have received
a lot of attention in terms of data quality. The existing empirical models, including the IRI [e.g.,
Bilitza, 2018; Bilitza and Xiong, 2020] and NeQuick [e.g., Nava et al., 2008], give an accurate
representation of these parameters. In the topside ionosphere however, the altitude coverage of

observations is highly non-uniform. This results in the notable discrepancies between obser-
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vations and model predictions above hmF2 [e.g., Kashcheyev and Nava, 2019; Cherniak and
Zakharenkova, 2019]. In order to develop high-resolution empirical models of electron density,
it is crucial to have dense coverage of inter-calibrated observations in the topside ionosphere.

Ionospheric density profiles have been traditionally monitored through a network of ground-
based 1onosondes which provide electron density values from ~60km up to the height of the F2
density peak. Observations of the topside densities were at first provided by the ISRs and vertical
topside sounders on board several missions (e.g., Alouette) in the 1960-1970s [Benson and Bil-
itza, 2009]. These observations were, however, very sparse, both temporally and spatially [e.g.,
Prol et al., 2019]. The traditional ground-based observational techniques have been providing
accurate and reliable measurements of ionospheric density and temperature for several decades.
Yet, the ionosondes and especially ISRs are only available at a limited number of sites around
the globe, and therefore these instruments alone cannot satisfy the increasing demand for high-
resolution electron density data, even more so in the topside ionosphere. Over the last 50 years,
in situ satellite observations at low Earth orbit, mainly by LPs and retarding potential analyzers
(RPAs), have become an important data source. However, these observations are bound to the
orbit of their specific spacecraft, and therefore also cannot provide the global three-dimensional
coverage of the ionosphere. The GNSS radio occultation represents the only active observational
technique to date that allows profiling through the entire F-layer of the ionosphere with global
coverage [e.g., Cherniak and Zakharenkova, 2014]. It has been estimated that the precision of
the RO observations is ~10°cm™ [Schreiner et al., 2007], although the RO profile geometry and
assumptions introduced during the density retrieval can lead to an underestimation of the Equa-
torial Ionisation Anomaly (EIA) crests on the order of ~ 10* — 10°cm™ [e.g., Yue et al., 2010b;
Liu et al., 2010].

A large number of studies have analyzed the agreement between various plasma density data
sets in the Earth’s ionosphere. In particular, the RO data from the COSMIC mission, compris-
ing a fleet of 6 satellites, have been validated extensively by ground-based observations. Lei
et al. [2007] compared preliminary COSMIC observations of electron density to the ISR data
and reported that the two were largely consistent in the topside, although the number of points

for the comparison was limited. COSMIC NmF?2 observations were found to correspond well
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with Arecibo ISR measurements [Kelley et al., 2009]. Similar conclusions were obtained by
Cherniak and Zakharenkova [2014] for Kharkov ISR. Chuo et al. [2011] compared the F2-peak
parameter observations by the Jicamarca digisonde with those by COSMIC-RO based on data
from 2006 to 2008. RO and digisonde NmF2 observations were found to agree well, with a
correlation of 94% and near-zero bias. Habarulema and Carelse [2016] performed a comparison
of NmF2 and hmF2 between COSMIC and ionosonde data specifically during the geomagnetic-
storm times (with Dst< —50 nT). It was found that the precision of COSMIC-RO data did not
degrade during geomagnetically active times, compared to the quiet times. Furthermore, several
studies performed comparisons of the electron density profiles (EDPs) from RO-devoted mis-
sions. For instance, Forsythe et al. [2020] used RO data retrieved from the Spire constellation,
comprising 84 satellites, to compare with COSMIC EDPs and reported a close agreement be-
tween them. The RO observations by the China Seismo-Electromagnetic Satellite (CSES) were

recently found to also be in very good agreement with COSMIC [Wang et al., 2019].

Several studies have performed comparisons between the in situ satellite and ground-based
observations. McNamara et al. [2007] compared plasma frequency observations from the CHAI-
lenging Minisatellite Payload (CHAMP) mission and Jicamarca ionosonde. Although generally
the two data sets were in good agreement, CHAMP LP densities were on average lower by
~ 4.6%. Recently, Lomidze et al. [2018] compared Swarm Langmuir probe observations to Ji-
camarca, Arecibo and Millstone Hill ISRs, based on the overhead passes from December 2013
to June 2016. Plasma frequencies measured by Swarm-LP were lower by ~ 10%, which cor-
responds to a 21% underestimation of electron density. The study showed that application of
ISR-derived corrections to Swarm Langmuir probe data improved the agreement with the COS-
MIC RO measurements. A number of other studies have presented comparisons between radio
occultation and Langmuir probe data. Pedatella et al. [2015] compared COSMIC radio occulta-
tion densities with in situ measurements by C/NOFS and CHAMP, however, no inter-calibration
factors were introduced in that study. Lai et al. [2013] analyzed conjunctions between C/NOFS
and COSMIC data and reported a close agreement between the two, although the study was

based on a small number of conjunctions occurring on 2 consecutive days.
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The aim of the present study is to compare electron density data from several missions col-
lected over the past 20 years and adjust them to the same reference frame. This is a necessary
step in order to aid future empirical modeling and data assimilation efforts. Most of the stud-
ies mentioned above utilized only a single pair of instruments or observational techniques for
comparisons, while in this paper we use data from 5 satellite missions that operate on differ-
ent observational principles. The ground-based ISR observations, which comprise the golden
standard plasma density data set in the topside ionosphere, cannot provide enough spatial and
altitude coverage to perform the intercalibration. In this study, we use electron densities retrieved
from the GRACE-KBR system as a reference. The KBR densities have been calibrated by in-
coherent scatter radars at Arecibo, Millstone Hill, Jicamarca and EISCAT and shown to be in
excellent agreement with ISR observations [Xiong et al., 2015]. Furthermore, due to their re-
trieval procedure, KBR densities do not experience quality degradation throughout the mission’s
lifespan. We compare the COSMIC radio occultation electron densities to the GRACE-KBR
data at a large number of conjunctions (> 7100) and find that the two data sets are in very
good agreement with a mean relative difference of ~1.6%. Missions providing in situ density
observations (e.g., CHAMP, C/NOFS and Swarm) operate at different altitudes, and require a
three-dimensional data set to be calibrated against. After establishing that COSMIC concurs
with GRACE-KBR, the in situ measurements of plasma density by the CHAMP, C/NOFS and
Swarm missions are compared to COSMIC and the cross-calibration factors between them are
introduced. This Chapter consists of five parts, including this introductory section. In Section
6.2, we describe the data used in this study. Section 6.3 is concerned with the methodology.
Results are presented in Section 6.4. Section 6.5 draws the conclusions and discusses potential

applications of the intercalibrated observations.
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Figure 6.1. Temporal coverage of the missions used in this study.

6.2 Data set

In this Section, we describe the data sources used in the present study. The temporal coverage
of the missions with respect to solar cycles 23 and 24 is shown in Figure 6.1, and their altitude
range of measurements and horizontal spatial resolutions are specified in Table 6.1. We first
describe the GRACE-KBR electron densities, used as a reference for the intercalibration. Then,
the radio occultation electron densities from the COSMIC constellation, and in situ observations

by CHAMP, Swarm and C/NOFS are described.

6.2.1 GRACE-KBR electron densities

The GRACE mission was launched in March 2002 into a near-circular polar orbit with an incli-
nation of 89° and initial altitude of ~490 km. The mission consisted of two identical spacecraft,
GRACE-A and GRACE-B, following each other at a distance of ~200 km. The local time of the
mission precessed by 4.5 minutes per day, thus providing coverage of all local times every 160.5
days [e.g., Xiong et al., 2010]. While the primary purpose of the GRACE mission was to con-
struct global high-resolution and time-dependent models of the Earth’s gravity field, the satellites

were equipped with the KBR system which also allowed the derivation of electron density. The
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Table 6.1. Horizontal spatial resolution and altitude range of measurements used in this study.

Horiz. spatial

Mission Altitude range resolution, km
GRACE-KBR 400-550 ~200
COSMIC-RO 150-800 ~300
CHAMP/PLP 300-460 ~115

CNOFS/CINDI 400-850 3.8
Swarm A/LP 460-490 3.8
Swarm B/LP 490-510 3.8
Swarm C/LP 460-490 3.8

brief description of the electron density reconstruction is given below and the full explanation is

provided in Xiong et al. [2010, 2015].

The KBR is one of the core instruments of the GRACE mission; it measures the dual one-
way range changes between the two satellites with a precision of 1um. The level 1B KBR data
include an ionospheric correction which can be used for deriving the horizontal total electron
content between the two satellites. Furthermore, the position of the two GRACE spacecraft
is provided in the GPS Navigation (GNV) data. By dividing the horizontal TEC by distance,
the average electron density between the two spacecraft can be retrieved with a resolution of
approximately 170-220 km along the ground track [Xiong et al., 2010]. However, it is of note that
there is an unknown bias in the ionospheric correction term, which also remains in the derived
electron density, but this bias is constant for continuous intervals of GRACE measurements and
can be eliminated by using the reference data set. Xiong et al. [2015] used several incoherent
scatter radars, namely EISCAT at Tromsg and Svalbard locations, Arecibo, and Millstone Hill
to validate the GRACE density measurements. The retrieved KBR electron densities were in
excellent agreement with ISR observations, having a correlation of more than 97% and a very

low bias of 3 - 10* el./cm?.

Incoherent scatter radars are one of the oldest traditional instruments for studying the topside

1onosphere and have been in use for decades. Due to the near-zero bias of GRACE-KBR den-
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Figure 6.2. (a) Global distribution of the number of occultations observed by the COSMIC-1 mission per
5° % 5° bins in terms of geographic latitude (GLat) and longitude (GLon) for the mission’s entire lifespan,
with a contour function applied to the plot. (b) Number of COSMIC-1 radio occultations as a function of
latitude in 2007-2019.

sity data with respect to the ISR observations, GRACE electron densities comprise a practically
calibration-free data set at altitudes 400-500 km, covering ~1.5 solar cycles (2002-2017). There-
fore, in the present study GRACE-KBR measurements are used as a reference for intercalibration
with other data sources. Using the ISR data alone would not provide enough spatial coverage
for the intercalibration, as only a very limited number of the overhead passes can be found for
each of the missions. We use GRACE-KBR observations from 2006 to 2015 to compare with
COSMIC radio occultation data.

6.2.2 COSMIC radio occultation measurements

The GNSS RO measurements represent a remote sensing technique allowing retrieval of high-
resolution vertical profiles of the atmosphere and ionosphere [e.g., Schreiner et al., 2007; Mel-
bourne et al., 1994]. By means of the GPS/MET satellite it was experimentally shown that RO
can be used for deriving the vertical electron density profiles [Hajj et al., 1996]. In context with
the CHAMP satellite launched a few years later, the RO analysis technique was fully developed
for both ionospheric and atmospheric profiling, and the first software package for routine op-

erational evaluation of GPS/RO data was created [Jakowski et al., 2002]. Since then, electron
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density profiles retrieved from radio occultations have become a major source of observations
used in various ionospheric applications [Pedatella et al., 2015]. The RO missions provide iono-
spheric profiles from the D-layer up to satellite height and thus give a representation of the three
dimensional structure of the ionosphere. Electron density profiles are retrieved using the Abel
inversion with several underlying assumptions, including the proportionality between refractiv-
ity and electron density, straight-line signal propagation, and spherical symmetry [e.g., Schreiner
et al., 2007]. Although the latter assumption can cause systematic errors in the retrieved densities
[e.g., Yue et al., 2010b], RO electron densities have been thoroughly validated by ground-based
instruments [e.g., Lei et al., 2007; Schreiner et al., 2007; Cherniak and Zakharenkova, 2014].

Multiple spacecraft have supplied the EDP data by means of the RO technique. The largest
data source up to date, both in terms of the number of occultations and temporal coverage, is
provided by the COSMIC mission. RO-devoted constellations that preceded COSMIC provided
much fewer data points, and were estimated to comprise only up to several percent of the COS-
MIC data set. The COSMIC mission consisted of six microsatellites in 72° inclination orbits.
The satellites were launched at the beginning of 2006 with an initial altitude of approximately
500 km, which was increased up to 800 km throughout the following 1.5 years. This created
a spatial separation of ~ 30 degrees between the orbital planes [Lei et al., 2007]. Each of the
COSMIC satellites carried on board the GPS occultation experiment (GOX) receiver that enables
probing the Earth’s atmosphere using the RO technique.

One of the notable features of the COSMIC mission is the open loop mode of tracking both
the rising and setting occultations, which approximately doubles the number of profiles and thus
provides a denser coverage of the ionosphere [Schreiner et al., 2007]. At the beginning of the
mission’s lifespan, the COSMIC constellation was providing >2500 EDPs per day, while the
number gradually reduced to 200-300 profiles by the end of the mission in 2019 [e.g., Wang
et al., 2019]. The total number of the COSMIC profiles used in this study exceeds 4.5 million.
It is of note that most of the COSMIC occultation events occurred at mid-latitudes, while the
equatorial region generally has fewer data points (Figure 6.2, see also Arras et al. [2010]). The
follow-up mission COSMIC-2 has been launched in 2019 and mainly focuses on probing the

lower equatorial latitudes, providing ~5000 radio occultations per day. The preliminary data
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quality analysis [Cherniak et al., 2021; Schreiner et al., 2020] has already demonstrated promis-
ing results for ionospheric monitoring, and using these data for the intercalibration can be a topic

for further studies.

As described in Section 6.1, the traditional ground-based observational techniques suffer
from limited data coverage, both in terms of their location on the globe and in altitude. The
electron density profiles retrieved from radio occultations are deprived of these limitations and
provide a global three-dimensional data set of electron densities. Furthermore, in order to set up
empirical models based on the large scale statistics, it is essential to include the RO measure-
ments for the topside ionosphere, where they would constitute the main and largest data source.
In our study we first compare COSMIC electron densities with the selected reference data set
(GRACE-KBR). In Section 6.4 it is shown that the two data sets agree very well, and therefore

other data sources are compared to COSMIC.

The COSMIC RO data were obtained from University Corporation for Atmospheric Re-
search (UCAR) through the COSMIC Data Analysis and Archival Center (CDAAC). In this
study we use the level 2 EDPs, provided through the "lonPrf" product (https://cdaac-www.

cosmic.ucar.edu/).

6.2.3 In situ plasma density measurements

In this study we consider in situ observations by Langmuir probes and retarding potential analyz-
ers. In general, a Langmuir probe is an electrode, either of planar, cylindrical, or spherical shape,
which is extended into the plasma [Hargreaves, 1992]. By applying a variable voltage (V) to the
probe, the corresponding current (/) between the probe and the spacecraft is measured. Plasma
parameters are retrieved from the current-voltage, or I-V characteristics [Knudsen et al., 2017].
It should be noted that the spacecraft are subject to the sheath effect, which alters the properties
of the plasma within the Debye length, and therefore the mounting posts should provide enough
spatial separation between the probe and the spacecraft. The RPA is a modification of the Lang-

muir probe, in which one or more grids, biased at different potentials, are mounted before the
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collecting electrode in order to exclude electrons of certain energies from reaching the collectors
[Hargreaves, 1992].

The CHAMP mission was launched in July 2000 into near-polar orbit with an inclination of
87.25° [e.g., Reigber et al., 2004; Rother et al., 2010]. The initial orbit altitude was around ~460
km, and slowly decayed to <300 km at the end of the mission’s lifespan in 2010. The orbital
plane precessed by 1 hour of local time in approximately 11 days, thus covering all local times in
roughly 130 days when combining the ascending and descending orbital arcs [e.g., Rother et al.,
2010]. Among the instrumental payload aboard the CHAMP satellite, there was a Digital Ion
Drift Meter (DIDM) suite, consisting of an ion drift meter (DM) and a Planar Langmuir Probe
(PLP). While the DM experienced damage during the satellite ascent and also the subsequent
degradation, the PLP instrument provided measurements of electron/total ion density, electron
temperature and spacecraft potential throughout the mission’s entire lifespan [e.g., McNamara
et al., 2007]. The PLP was mounted on the lower front panel of the spacecraft pointing in
the ram direction [Reigber et al., 2004]. The CHAMP-PLP represented a golden rectangular
plate with a 106 X 156 mm sensing area. The instrument was operating in a voltage sweep
mode, taking measurements every 15s, of which the spacecraft potential was tracked for 14s and
then the voltage was swept for another second to obtain the electron density and temperature
[McNamara et al., 2007]. CHAMP’s orbital configuration and velocity of ~7.6 km/s correspond
to the horizontal density resolution of approximately 115 km [Rother et al., 2010] (see also Table
6.1). The PLP design and operation are described in more detail in McNamara et al. [2007] and
Rother et al. [2010].

The Swarm constellation [Friis-Christensen et al., 2006], launched on 22 November 2013,
consists of three identical spacecraft following a near-polar circular orbit. During the commis-
sioning phase, the three satellites Alpha, Bravo and Charlie (also referred to as A, B, and C,
respectively), were flying in a configuration following one another at a similar altitude of ~490
km. By April 2014, Swarm A and C satellites were lowered to 460 km, while probe B was raised
up to 510 km in altitude. The primary objective of the Swarm mission is to provide highly accu-
rate measurements of the geomagnetic field. The three satellites are also equipped with Langmuir

probes in order to take the magnetic field perturbations arising from the diamagnetic effect into
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account [Friis-Christensen et al., 2006]. Swarm LP represent spheres of 4 mm radius mounted
on 8 cm posts at the bottom front side of the satellites. Each of the satellites is equipped with
2 probes - a high-gain nitrated-titanium probe used for electron density estimation, and a low-
gain golden probe providing measurements of the spacecraft potential [Knudsen et al., 2017].
It has been noted that the Langmuir probes configuration on Swarm is rather unconventional,
both in their design and usage of the so-called "harmonic" mode, where the voltage changes har-
monically at a nominal frequency of 128 Hz. In particular, the length of the LP posts is only a
few centimeters, and therefore the Langmuir probes might remain within the spacecraft’s Debye
sheath, and therefore will not give an accurate representation of density under certain conditions.
The ion density data used in this study (version 0502’ of the EFIx_LP_1B product) are mea-
sured with the 2 Hz sampling rate, which corresponds to the spatial resolution of ~3.8 km (Table
6.1).

The C/NOFS satellite was launched into orbit in early 2008. The spacecraft followed the
elliptical low Earth orbit, with inclination of approximately 13° [de La Beaujardiere et al., 2004].
The satellite altitude was between 400 and 850 km, and its orbit covered all local times. Among
the scientific payload, the Coupled Ion Neutral Dynamics Investigation (CINDI) suite, operated
by NASA, contained the RPA and an ion drift meter and measured the electron temperature, drift
velocities, plasma composition and the ion number density in the topside ionosphere [Heelis
et al., 2009]. The satellite velocity was ~ 7.5 km/s [Costa et al., 2014], and the sampling rate
of the CINDI/RPA instrument was 2 Hz [Coley et al., 2010], which is equivalent to the spatial

resolution of around 3.8 km (Table 6.1).

6.3 Methodology

The intercalibration presented in this study is conducted in two stages. First, we select the
GRACE-KBR electron density data as a reference and evaluate whether the COSMIC radio
occultation observations agree with GRACE at a number of conjunctions along the GRACE
orbit. In Section 6.4, we will demonstrate that the two data sets agree well, with a bias on the

order of <2% and a correlation of 96%. At the second stage, it is necessary to compare other
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measurements against the reference. Since COSMIC is the only data set capable of providing
the three dimensional coverage of the topside ionosphere and also presents a significant interest

for empirical modeling, the available in situ observations are compared with COSMIC.

In order to perform the above-mentioned comparisons, it is necessary to impose spatial and
temporal conjunction criteria. Several studies have performed comparisons of electron density
from radio occultation and in situ observations using different coincidence criteria. Lei et al.
[2007] used measurements within 6° geographic latitude (GLat) and 6° geographic longitude
(GLon) for comparison of COSMIC densities with ISRs at Millstone Hill, and within 3° X 9°
for comparisons with Jicamarca ISR. Pedatella et al. [2015] employed observations within +2°
GLat and GLon and 15 minutes universal time (UT). Shim et al. [2008] estimated the meridional
and zonal correlations lengths. It was found that the correlation lengths in latitude were on the
order of 2° to 5°, while in longitude the values were much larger, up to 10° — 23°, based on local
time and latitude [Shim et al., 2008; Wang et al., 2019]. The appropriate conjunctions should be
within the correlation distances [Wang et al., 2019]. In the present study, we select the following
conjunction criteria. We select observations coming from +1.25° x 2.5° GLat and Glon and
+7.5 minutes universal time, to ensure that the observations in question are close in location and
time, within distances not affected by significant horizontal ionospheric gradients. We further
remove points coming from geomagnetically active times (i.e., Kp>3) to avoid the storm-time
disturbances, although it is of note that COSMIC electron density profiles have been shown to
provide high-quality observations during active times as well as quiet times [Habarulema and

Carelse, 2016]. The unified conjunction criteria are used for all of the comparisons.

Each of the selected data sources provides daily files with electron density measurements,
except for COSMIC which provides one file per individual occultation event (i.e., ~2000 files
per day at the beginning of the mission and ~200 files in 2019, see Figure 6.2b). Therefore, the
data analysis procedure is as follows. The orbit height corresponding to the in situ measurements
is interpolated onto the times of RO events. After that, we linearly interpolate the COSMIC
density, as well as position in geographic latitude and longitude, onto the derived altitude. The

geographic latitude and longitude corresponding to COSMIC events are then compared to orbital
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tracks of another satellite in order to check whether a conjunction occurs. If an event meets the
conjunction criteria, it is added to the resulting data frame.

The scatter plots of electron density, shown in the Figures 6.3a, 6.5-6.7a, give information
about the approximate data distribution and individual conjunctions. However, it is also im-
portant to evaluate how the data sets are distributed with respect to each other by means of the
probability distribution functions. Therefore, in Figures 6.3b, 6.5-6.7b we show the normalized
occurrence plots. We divide the x-axis into a number of intervals, and for each column the re-
sulting conjunctions are also divided into the same number of bins in y-direction. Then, the
number of occurrences in each bin is counted and divided by the total number of points in the
corresponding interval on the x-axis. Therefore, the probabilities along each bin in x-direction
sum up to 1. We then introduce linear fits to the maxima of these normalized occurrences, which
allows for the more correct trend estimation in the presence of outliers. Since for the linear re-
gression it is assumed that any error present in the data set lies exclusively in the y-values, when
using regression for calibration purposes the fits are preformed in reverse (i.e., the reference data
set is on the x-axis and the data being calibrated - on the y-axis) [e.g., Moosavi and Ghassabian,
2018]. When the linear relationship between the variables is formulated as y = ax + b, the final

expression for the calibrated data takes the form:

Yealibrated = €y + d, (6.1)

where ¢ = 1/a and d = —b/a. Table 6.3 gives c and d values for each of the missions allowing

to calibrate the data to the reference using Equation 6.1.

6.4 Results

6.4.1 Comparison of GRACE-KBR and COSMIC-RO electron densi-
ties

Figure 6.3 shows a comparison between the COSMIC-RO and GRACE-KBR electron densities.

Using the conjunction criteria described in Section 6.3, we find more than 7100 quiet-time con-
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Figure 6.3. Comparison between COSMIC-RO and GRACE-KBR electron densities. (a) Scatter plot
of GRACE-KBR versus COSMIC-RO electron densities. The black dashed line shows the one-to-one
correspondence between the two data sets, and the orange-colored solid line represents the linear trend,
fitted to the scatter plot. (b) Normalized occurrence plot of GRACE-KBR versus COSMIC-RO densities.
In each bin in the abscissa, the maximum of the probability distribution function was selected and the
linear equation was fitted to these maxima. The resulting trend is shown as a black solid line, and the
equation is shown at the bottom right of the panel, with x and y representing the logarithms of GRACE and
COSMIC densities, respectively. The black dashed line shows the one-to-one correspondence between
two data sets.

junctions between the GRACE orbital tracks and COSMIC tangential lines. From Figure 6.3a it
is apparent that the two data sets are in very close agreement. The dashed black line shows the
one-to-one correspondence between the data sets, and the majority of points are clustered along
the line. The orange-colored line gives the linear fit, performed in double-logarithmic scale. The
fitted trend is generally close to the one-to-one line, although at low densities (< 3 - 10*el./cm?)
several outliers are present, presumably due to the plasma bubbles occurring at night side and
small-scale ionospheric irregularities not resolved by COSMIC-RO. In order to remove those
effects from the linear trend, in Figure 6.3b we show the normalized occurrence histogram. In
double-logarithmic scale, the data are divided into 50 bins in x- and y-directions, and bins with
less than 5 points are removed. Then, the number of points in each bin is divided by the total
number of occurrences in the corresponding interval along the x-axis. By looking at the prob-

ability in each bin of GRACE-KBR electron density, one can examine how the corresponding
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Table 6.2. Metrics evaluated for the conjunctions between satellites.

Comparison Mean bi}as, Mean 'Median . Median St. deviat3ion, St'anflard Spearman
el./cm bias, % bias, el./cm® bias, % el./cm deviation, % correlation, %
GRACE/KBR - COSMIC/RO -1813 -2 2703 3 63495 43 96
COSMIC/RO - CHAMP/PLP -17754 -10 -14055 -12 51151 29 96
COSMIC/RO - CNOFS/CINDI  -16021 -6 -5458 -7 127468 48 97
COSMIC/RO - Swarm A/LP -29587 -14 -11915 -11 82727 45 93
COSMIC/RO - Swarm B/LP -11303 -8 -4046 -5 82762 55 86
COSMIC/RO - Swarm C/LP -32305 -15 -14142 -13 92376 43 93

COSMIC-RO observations are distributed. Therefore, Figure 6.3b essentially represents a 2D
probability distribution function of the conjunctions. Such a representation also helps to avoid
overplotting when the number of conjunction is sufficiently large. It can be seen that the largest
normalized occurrence values are clustered along the one-to-one correspondence line. The linear
trend equation is fitted to the normalized occurrence histogram as follows. For each interval on
the x-axis (GRACE-KBR densities), we find the maximum of the probability distribution; then,
the orthogonal-distance least-squares fit is performed based on the selected probability distribu-
tion maxima. The resulting trend is shown as a solid black line. It can be seen that generally, the
trends based on scatter plot and 2D probability distribution are quite similar, although the latter

method is more stable due to the outlier removal.

The agreement between the two data sets needs to be evaluated by several metrics. For
all comparisons in this study, we use the mean and median bias, both in units of density and
normalized, standard deviation and Spearman rank correlation (p). The values of these metrics
for all comparisons are given in Table 6.2, and the metrics definitions are given in the Supporting
information of Smirnov et al. [2021]. In case of COSMIC-GRACE comparison, we find that the
mean value of difference between the two data sets (i.e., the mean bias) equals -1813 el./cm?,
and a median bias of 2704 el./cm’. The mean and median biases normalized are 1.6% and 3%,
respectively. The two data sets are in very good agreement and their relative differences are
within precision of observations, which for COSMIC-RO was estimated to be in the order of 10°
el./cm?® [e.g., Schreiner et al., 2007]. Another metric evaluated for the conjunction analysis is the

correlation between the data sets. It has been demonstrated that the linear Pearson correlation
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Figure 6.4. Comparison of COSMIC-RO and GRACE-KBR electron densities at conjunction points,
binned by magnetic latitude and local time. (a) Mean electron density observed by COSMIC-RO.
(b) Mean electron density observed by GRACE-KBR. (c) Mean difference between COSMIC-RO and
GRACE-KBR, and (d) number of conjunctions per Mlat-LT bin. In all subplots, the grey background
color corresponds to bins with < 2 conjunctions.

can be affected by data noise, whereas the Spearman rank correlation is a more robust metric
in the presence of outliers [e.g., Smirnov et al., 2020a]. The value of the Spearman correlation
for GRACE-COSMIC comparison is high (0.96), also illustrating that the two data sets closely

agree with each other.

Figure 6.4 demonstrates the COSMIC-RO and GRACE-KBR electron densities at conjunc-
tions and their difference, binned by magnetic latitude and local time. In order to obtain a suf-

ficiently high number of collocations in each MLat-LT interval, we bin the data by 5°Mlat and
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1.5hr LT. Figure 6.4 shows the corresponding distribution of conjunctions. In general, conjunc-
tions were more frequent at middle latitudes, and fewer conjunctions were observed around the
geomagnetic equator. This effect comes from the spatial distribution of the COSMIC measure-
ments, illustrated in Figure 6.2. The bins with less than 2 conjunctions were removed from the
analysis, and the average number of occurrences in a bin across all magnetic latitudes and local
times equals 12.

From Figure 6.4a,b it is evident that GRACE-KBR and COSMIC-RO measurements at con-
junctions are largely consistent. As noted above, the mean bias between GRACE and COSMIC
measurements across all latitudes and local times is on the order of < 2%. It is also important to
analyze the bias distribution in the MLat-LT frame, shown in Figure 6.4c. It is evident that the
difference between the two data sets is close to zero at middle latitudes, while in the equatorial
region at ~12 to 18 hours local time, COSMIC underestimates the crests of the equatorial ionisa-
tion anomaly, and slightly overestimates the regions poleward from the crests. It should be noted,
however, that the conjunction number at the equatorial latitudes is rather small, and the fountain
effect is not well-resolved. The bias distribution in Figure 6.4c concurs with the previous study
by Yue et al. [2010b], which found that due to the profile geometry and assumptions introduced
during the Abel inversion, the radio occultation technique can underestimate electron densities
around the EIA crests. We note, however, that in case of the GRACE-COSMIC comparison, the
magnitudes of errors are relatively small, with an average value of ~0.3-0.4-10%¢l./cm?, which
corresponds to ~ 1.7 MHz when converted to the plasma frequency. Furthermore, EIA is the
region where the largest density values (> 4 - 10°el./cm?) in the F2 layer are manifested, and the
mean bias around the EIA crests in Figure 6.4c remains on the order of less than 10%. Therefore,
although the Abel inversion introduces a slight underestimation of the EIA crests in COSMIC
data, in general the difference between COSMIC and GRACE is very small and is close to zero.

In the present study we use the GRACE-KBR data as reference. Our results are in line
with those from previous studies, e.g., from Habarulema and Carelse [2016]. The authors have
compared the COSMIC densities to the ionosonde observations during disturbed geomagnetic
conditions and concluded that the mean deviation was on the order of 2-3%, which matches our

comparisons in the present paper. Since electron densities obtained from COSMIC radio occul-
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Figure 6.5. Comparison of CHAMP-PLP and COSMIC-RO densities. Notations are identical to those in
Fig. 6.3.

tations agree well with GRACE, and they are the only technique that allows evaluating conjunc-
tions on the global scale as well as the biggest data source for empirical modeling collected to

date, the other data sources will be compared to COSMIC in the following sections.

6.4.2 Comparison of CHAMP-PLP and COSMIC-RO electron densi-
ties

Figure 6.5 demonstrates a comparison between CHAMP planar Langmuir probe and COSMIC
radio occultation electron densities. As before, the scatter plot for all conjunctions is given
in Figure 6.5a, and the normalized occurrence histogram is shown in Figure 6.5b. We find
more than 10100 conjunctions during geomagnetically-quiet times (Kp<3) across all latitudes
and longitudes. The collocations corresponding to low values in CHAMP-PLP data (N, < 2 -
10%el./cm®) were removed, to exclude the potential negative bias of CHAMP-PLP at very low
densities [see, e.g., McNamara et al., 2007; Pedatella et al., 2015].

From Figure 6.5a it can be seen that in general, the scatter points follow a linear trend,

although the fitted trend is different from the one-to-one line. The same feature can be observed
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Table 6.3. Calibration coefficients used to adjust the data sets to the same reference frame (GRACE-
KBR) using Equation 6.1.

Data set c d

COSMIC/RO 1 0
CHAMP/PLP 0980 0.147
CNOFS/CINDI 0.968 0.214
Swarm-A/LP  1.087 -0.380
Swarm-B/LP  1.042 -0.167
Swarm-C/LP  1.087 -0.370

for the trend fitted to the probability distribution maxima. CHAMP-PLP densities are lower
than those observed by COSMIC, with a mean bias of -17754 el./cm?, which corresponds to
~ —10% relative difference. The median bias exhibits roughly similar values of -14054 el./cm?,
and -12%, respectively (see also Table 6.2). The Spearman correlation between CHAMP and
COSMIC electron densities is high (0.96), indicating that while there is a leveling difference, the

behavior of two data sets is sufficiently similar.

Our results agree well with previous findings. McNamara et al. [2007] compared the CHAMP-
PLP plasma frequencies to ionosonde measurements when CHAMP’s altitude was below the
F2-layer peak. It was found that the CHAMP plasma frequencies were lower than those by the
ionosonde, with the majority of the scatter points being higher than the one-to-one line and a
bias of around 5%. It should be noted that the bias value of 5% in plasma frequency corresponds
to ~ 10% difference in electron densities, which matches the bias observed in the present study.
Ionosondes provide highly accurate observations of ionospheric densities, and the difference of

CHAMP-PLP data with respect to ionosondes justifies the leveling correction presented here.

Pedatella et al. [2015] performed a comparison between the COSMIC and CHAMP electron
densities, based on data from 2007-2009, although no inter-calibration factors were introduced.
In the present study we use the data from the start of the COSMIC mission in late 2006 until
the end of CHAMP operation in 2010. Pedatella et al. [2015] reported that CHAMP electron

densities were lower by 14.9%, and the correlation between the two data sets was 0.93, which
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fits well with our findings. In the present study, our aim is to cross-calibrate data from several
missions to further utilize the combined data set for empirical modeling. Therefore, we introduce
a linear trend in double-logarithmic scale, and adjust CHAMP-PLP and COSMIC-RO densities
using Equation 6.1 (the coeflicients are given in Table 6.3). Table 6.4 gives the values of mean
and normalized mean bias before and after adjustment. The introduced trend equation helps
to eliminate the differences between the data sets, and the relative difference of the adjusted

CHAMP-PLP data compared to COSMIC is -3%.

6.4.3 Comparison of C/NOFS-CINDI and COSMIC-RO plasma den-
sities
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Figure 6.6. Comparison of C/NOFS-CINDI and COSMIC-RO densities. Notations are the same as in
Figure 6.3.

Figure 6.6 shows conjunctions between the C/NOFS and COSMIC missions. Figure 6.6a gives
a scatter plot of electron density observed by COSMIC and full ion density measured by the
CINDI/RPA instrument aboard C/NOFS. It is apparent that the two data sets are highly consis-
tent with each other, based on the high value of the Spearman correlation (0.97) and a relatively

low bias (~ 6%). In general, C/NOFS values of electron density are lower than COSMIC ob-
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servations. Figure 6.6b shows that, within the range of measurements, the trend fitted to the
normalized occurrence histogram generally lies lower than one-to-one line.

Our results are consistent with previous findings. Lai et al. [2013] compared C/NOFS-RPA
densities to COSMIC-RO observations during 2 consecutive days and reported substantial agree-
ment between them, with a correlation of 0.83 and a slope of the regression line close to 1. While
the primary objective of that study was to establish the tentative agreement between the two mis-
sions in order to use both data sets for the analysis of the ionospheric storm that occurred in
March 2013, the study showed that the two data sets can be used together in a variety of appli-
cations. Pedatella et al. [2015] compared C/NOFS and COSMIC-inferred densities using larger
scale statistics for measurements from 2009 to 2013. The two missions were found to be in good
agreement, with a correlation of 95 % and a relative bias of ~ 5.6%. In the present study, we
employ a longer data set, comprising collocations between the two missions from 2009 up to
the end of C/NOFS operation in 2015, while also using stronger conjunction criteria to decrease
the influence of ionospheric gradients. Our results match those of Pedatella et al. [2015]. The
C/NOFS mission provides a valuable data set of plasma density observations in the topside iono-
sphere, covering altitudes from 450 to ~ 800 km, and can be used together with RO data for
empirical topside modeling. Furthermore, several recently launched constellations, for instance
the Ionospheric Connections Explorer (ICON) mission, are equipped with RPAs. The cross-
calibration procedure presented here can be employed in future cross-calibration studies and can
be used for combined ionospheric monitoring by ICON and the active RO missions, e.g., CSES,

Spire, and the follow-up constellation COSMIC-2.

6.4.4 Comparison of Swarm-LP and COSMIC-RO plasma densities

Figure 6.7 shows a comparison between COSMIC electron densities and Swarm ion densities.
In the present study, we use observations from 2013-2020 and find >3800 conjunctions during
quiet geomagnetic conditions (Kp<3) for each of the three satellites, distributed across all lat-
itudes and longitudes. Figure 6.7a shows a scatter plot of electron density measurements from

Swarm-A versus COSMIC-RO observations, with data points coming from 06 to 18 LT plotted
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Figure 6.7. Comparison of Swarm ion densities and COSMIC-RO electron densities. (a, c, e) Scatter
plot of Swarm A, C, and B versus COSMIC-RO densities. The conjunctions at night side (18-06 LT)
are shown in blue, and those at day side (06-18 LT) are plotted in orange. The dashed line represents
one-to-one ratio between the data sets. (b, d, f) Normalized occurrence plot of Swarm A,C, and B vs
COSMIC-RO densities based on conjunctions occurring at all MLats at day side and at [MLat| > 45° at
night side. The trend fitting procedure is the same as in Figure 6.3.



6. Intercalibration of the plasma density measurements in the topside ionosphere

in orange, and conjunctions occurring at nighttime (18-06 hours LT) plotted in blue. Figure 6.7b
shows the normalized occurrences for conjunctions occurring at all MLats during daytime and at
[IMLat| > 45° during nighttime (explained below and in the Supporting information in Smirnov
et al. [2021]), with the solid black line representing the linear fit to the probability distribution
maxima. In Figure 6.7a one can observe a somewhat larger scatter at night side, with a number
of points located above the one-to-one line and an overall larger bias than in previous compar-
isons with GRACE, CHAMP and C/NOFS. The correlation between Swarm-A and COSMIC
densities is high, equal to 0.93, while the percentage bias is on the order of -14%. Figure 6.7c,d
demonstrates a similar comparison for Swarm-C. In case of Swarm-C, a roughly similar number
of conjunctions was identified, and the bias with respect to COSMIC is -15%. Figure 6.7¢e,f
shows the comparison between Swarm-B and COSMIC densities. It is of note that Swarm-B
follows an orbit higher by approximately 50 km than those of Swarm-A and -C satellites, and is
approximately at 510 km altitude. The correlation between the Swarm-B and COSMIC plasma
densities is lower than that for A and C satellites and equals 0.86. Conversely, the mean value
of bias is lower for Swarm-B compared to A and C spacecraft and equals -8%. However, it
should be noted that the difference between COSMIC and Swarm-B depends on local time, with
an underestimation by Swarm-B on the day side and a stronger overestimation on the night side.
The standard deviation for Swarm-B is ~ 55%, which is higher than for spacecraft A and C for
which it is approximately 45%.

In previous studies, Swarm ion densities were compared to the incoherent scatter radar and
ionosonde observations during December 2013 to June 2016 period, and the offset between
Swarm and ground-based measured densities was noticeable both for ionosondes and ISRs [Lo-
midze et al., 2018]. The corrections were introduced based on conjunctions between each of the
Swarm satellites and the ISRs. The adjusted Swarm ion densities were compared to COSMIC
RO observations at ~2000 collocations. In the present study, we employ a longer data set for
the comparison (from 2013 to 2019), which yields approximately two times more conjunctions
with COSMIC. The correction factors, introduced by Lomidze et al. [2018], were uniform with
respect to local time and latitude, as Swarm satellites were found to underestimate densities by a

factor of ~1.1 at conjunctions with the ISRs. Figures 6.7a,c,e indicate that at night side, all three
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6. Intercalibration of the plasma density measurements in the topside ionosphere

Swarm satellites may overestimate densities, and this effect is most prominent for Swarm-B. In
order to investigate this LT-dependent difference in more detail, we analyze the distribution of
the mean and relative (%) bias between Swarm and COSMIC as a function of magnetic latitude
and local time.

Figure 6.8 demonstrates the difference between Swarm and COSMIC plasma density data
at conjunctions, binned by 5°MLat - 1h LT. In the comparison with GRACE-KBR (Fig. 6.4),
COSMIC was found to slightly underestimate the crests of the equatorial ionization anomaly as
aresult of the Abel inversion. In Figure 6.8, the opposite effect is observed. Swarm densities are
lower than COSMIC around the geomagnetic equator at day time (6-18 LT). At middle latitudes,
Swarm measurements are also lower than COSMIC observations. Furthermore, on the night side
(18-06 LT) all three Swarm satellites exhibit higher densities than COSMIC. Figure 6.8 (panels
a and d) indicates that these patterns are highly consistent for Swarm-A and Swarm-C satellites,
due to their similar orbital height (460 km) and small spatial separation of 1.4° GLon. The EIA
underestimation on the day side is of the order of 1 — 2 - 10° el./cm®, which corresponds to
approximately 10 — 30% relative bias. On the night side, the overestimation is in the order of
0.3-10° el./cm?® (10-20%).

The overestimation of Swarm-B at night side (Figure 6.8g) is higher than in case of A and C
satellites (~ 0.5 - 10° el./cm® compared to ~ 0.3 - 10° el./cm?®). While at middle and equatorial
latitudes Swarm-A densities were larger than COSMIC observations by 10-20%, the overesti-
mation by Swarm-B is often > 40%. As noted above, Swarm A and C follow a roughly similar
orbit, and their elevation after the commissioning phase is ~460 km. Swarm-B is at an altitude of
~ 510km. One of the potential reasons for the larger electron density overestimation by Swarm-
B compared to A and C satellites is related to lower oxygen-hydrogen transition heights at low
and mid-latitudes during nighttime compared to daytime (~ 500km versus >850 km)[e.g., Heelis
et al., 2009; Aponte et al., 2013]. The Swarm LPs are assumed to measure O* ions exclusively
and therefore at heights below ~500 km where this assumptions holds the difference between
Swarm A and C with respect to COSMIC is lower than at 510 km where the H* and He* play
an important role in the ion composition and would lead to larger overestimation at night side by

Swarm-B. Another effect that can contribute to this overestimation is the influence of the space-

196



6.5. Summary and conclusions

Table 6.4. Metrics evaluated before and after the adjustment.

Comparison Median_ bias bef0r3e Median bi_as Mediap bias after3 Median t?ias
correction, el./cm®  before correction, % correction, el./cm” after correction, %
CHAMP/PLP - COSMIC/RO -14055 -12 -3538 -3
CNOFS/CINDI - COSMIC/RO -5458 -7 45 0
Swarm A/LP - COSMIC/RO -11915 -11 -1192 -1
Swarm B/LP - COSMIC/RO -4046 -5 1371 2
Swarm C/LP - COSMIC/RO -14142 -13 -3236 -3

craft potential, which depends on the illumination of the solar cells and could lead to density
overestimation at night side.

In Table 6.4 we demonstrate the median bias before and after applying the proposed calibra-
tion coefficients, evaluated on all conjunctions. It can be seen that for all three Swarm satellites
the proposed corrections reduce bias to the 1-3% range. Therefore, it can be concluded that
while the linear correction factors for Swarm match the probability distribution maxima and
eliminate most of the bias, a more detailed analysis on the separation between oxygen and hy-
drogen/helium ions within Swarm’s Electric Field Instrument (EFI) and effects of the spacecraft

potential needs to be performed in future studies.

6.5 Summary and conclusions

Over the last 20 years, the Earth’s ionosphere has become a data-rich environment, as the total
number of plasma density measurements is approaching several billion points. This wealth of
observations, provided by direct in situ (LP, RPA) and remote sensing (RO) techniques, presents
new opportunities for the large-scale empirical modeling. Yet, in the topside ionosphere, the
altitude distribution of data remains far from uniform. To compensate for the uneven coverage
it is essential to utilize all of the available observations in modeling, and therefore these data
sources need to be adjusted to the same reference frame. Since the measurement and calibration
techniques are specific to each instrument, a reliable long-term plasma density data set is needed
to perform the intercalibration.

In this study we use the GRACE-KBR electron density measurements as a reference data set.
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The KBR data have been thoroughly validated by the incoherent scatter radar measurements and
represent a practically calibration-free data set, providing electron densities at 400-500 km alti-
tude over ~1.5 solar cycles in 2002-2017. As a reference data set for the intercalibration, satellite
electron density observations by GRACE-KBR have notable advantages over the ground-based
ISR data, such as, for instance, the global coverage in the topside ionosphere.

The comparison of the radio occultation data from COSMIC mission to the reference KBR
data set shows an excellent agreement between them. Although COSMIC slightly underesti-
mates the EIA crests, the two missions are highly consistent with a mean percentage difference
of ~ 2%. This indicates that first, the two missions can be used in combination for empirical
modeling, and second, other data sources can be compared to COSMIC. We find that CHAMP-
PLP densities are lower than those provided by COSMIC by ~ 11%, and introduce simple inter-
calibration factors between them. C/NOFS-CINDI ion densities are generally in good agreement
with COSMIC, although the trend between them is different from the one-to-one line. Swarm
ion densities have been compared to COSMIC at a large number of conjunctions (> 3800 collo-
cations for each of the satellites). It was found that while the corrections from previous studies,
as well as the calibration factors introduced here based on the probability distribution functions,
remove most of the bias, the difference between Swarm and COSMIC has local-time signatures
which are strongest for Swarm-B. Amongst the potential reasons for such an effect, there are
LT-variations in upper transition height, or influence of the spacecraft potential, and the more
detailed investigations can be performed in future studies.

The calibration factors introduced in this study can have wide applications in ionospheric
research. They eliminate the systematic leveling differences between the most prominent and
widely used ionospheric data sets. Hence, these data can be used jointly to set up new highly
accurate models of electron density, for example, those based on machine learning. Furthermore,
they allow a more precise in-orbit model validation for the existing models. Moreover, the
ongoing follow-up mission GRACE-FO allows density retrieval by the same technique as the
original GRACE mission, and can be used as a reference for calibrating the recently launched or
planned ionospheric constellations. Several active missions carry instruments that operate on the

same principles as the ones analyzed in the present study. Therefore, an approach developed in
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this study could be extended to other new in situ data sets, for instance the NASA’s ICON-RPA
data, allowing for a complex ionospheric monitoring by the GRACE-FO, ICON, and the active
RO missions, such as CSES, Spire, and COSMIC-2.

Acknowledgments

This research is supported by the Helmholtz Pilot Projects Information & Data Science II, MA-
chine learning based Plasma density model project (MAP) - ZT-1-0022. COSMIC data can
be downloaded via UCAR (https://cdaac-www.cosmic.ucar.edu/); this material is based
upon work supported by the National Center for Atmospheric Research, which is a major facility
sponsored by the U.S. National Science Foundation under Cooperative Agreement 1852977. N.
Pedatella acknowledges support from AFOSR grant FA9550-16-1-0050 and US National Sci-
ence Foundation grant AGS-1522830. The GRACE electron density data have been provided
in the framework of the Topside Ionosphere Radio Observations from multiple LEO-missions
(TIRO) project funded by ESA via the Swarm DISC, Sub-Contract No. SW-CO-DTU-GS-126,
and are accessible at [Xiong et al., 2021]. The Level 2 CHAMP PLP data are publicly available
at Rother and Michaelis [2019] and through the Information System and Data Centre (ISDC) of
GFZ Potsdam (https://isdc.gfz-potsdam.de/champ-isdc/). Swarm LP data were ob-
tained from ESA (https://earth.esa.int/web/guest/swarm/data-access). C/NOFS
data were obtained through NASA’s Space Physics Data Facility (SPDF, spdf.gsfc.nasa.
gov). The F10.7 index was downloaded from the OMNIWeb database (omniweb.gsfc.nasa.

gov).

199


https://cdaac-www.cosmic.ucar.edu/
https://isdc.gfz-potsdam.de/champ-isdc/
https://earth.esa.int/web/guest/swarm/data-access
spdf.gsfc.nasa.gov
spdf.gsfc.nasa.gov
omniweb.gsfc.nasa.gov
omniweb.gsfc.nasa.gov




— 7 —
A novel neural network model of Earth’s topside

ionosphere *

Abstract

The Earth’s ionosphere affects the propagation of signals from the Global Navigation Satellite
Systems (GNSS). Due to the non-uniform coverage of available observations and complicated
dynamics of the region, developing accurate models of the ionosphere has been a long-standing
challenge. Here, we present a Neural network-based model of Electron density in the Top-
side ionosphere (NET), which is constructed using 19 years of GNSS radio occultation data.
The NET model is tested against in-situ measurements from several missions and shows excel-
lent agreement with the observations, outperforming the state-of-the-art International Reference
Ionosphere (IRI) model by up to an order of magnitude, especially at 100-200 km above the
F2-layer peak. This study provides a paradigm shift in ionospheric research, by demonstrating
that ionospheric densities can be reconstructed with very high fidelity. The NET model depicts
the effects of numerous physical processes governing the topside dynamics and can have wide

applications in ionospheric research.

“This chapter has been published as Smirnov, A., Shprits, Y., Prol, F., Liihr, H., Berrendorf, M., Zhelavskaya,
I, and Xiong, C. (2023): A novel neural network model of Earth’s topside ionosphere. Scientific Reports, 13(1),
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7. A novel neural network model of Earth’s topside ionosphere

7.1 Introduction

Earth’s ionosphere is a partially ionized region of the upper atmosphere, spanning from 60 to
~1000 km in altitude [Rishbeth and Garriott, 1969]. The ionosphere is driven by a large number
of competing processes and represents a highly dynamic medium that can change substantially
in a matter of several minutes. A high number of free electrons in the ionosphere affects the
propagation of radio signals, including those of the GNSS [Xu and Xu, 2016]. Around 80%
of the ionospheric TEC comes from the part located above the F-layer peak, known as the top-
side ionosphere [Bilitza, 2009]. Therefore, it is critically important to have accurate models of

electron density in the topside ionosphere.

There are several approaches to model electron density in the ionosphere. The physics-based
simulations, which obtain numerical solutions of the fundamental equations describing the iono-
spheric plasma, require sophisticated modeling codes that include coupling with the neutral at-
mosphere and magnetosphere [Hoque et al., 2022; Huba et al., 2000]. Running such simulations
is computationally expensive and thus problematic for operational purposes. An alternative ap-
proach to model electron density is through empirical modeling, where the relation between the
input and output variables is described based on the statistical representation of observations
[Radicella and Nava, 2020]. Two of the most prominent empirical models of the ionosphere are
the NeQuick model [Nava et al., 2008; Coisson et al., 2006] and the IRI model [Bilitza et al.,
2006; Bilitza, 2009; Bilitza et al., 2011]. These models mainly describe the climatology of the
ionosphere and reproduce regular variations of the ionospheric parameters. It is worth noting
that recent versions of the ionospheric models, including the IRI-2016, are becoming increas-
ingly oriented toward weather-like predictions, compared to earlier climatological descriptions
[Bilitza et al., 2017]. The empirical models of electron density typically use a layered structure
of the ionosphere, with the layer-peak parameters serving as anchor points of the density pro-
files [Radicella and Nava, 2020]. In particular, two of the most important parameters are the
peak density of the F2 layer (NmF2) and the corresponding altitude of the peak (hmF2), which
have received a lot of attention in literature and can be well reproduced by the existing empirical

models. In the topside ionosphere however, the models exhibit notable discrepancies from ob-
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servations due to the highly non-uniform data coverage both in terms of solar activity and, most
importantly, in altitude [Liihr and Xiong, 2010; Cherniak and Zakharenkova, 2016; Kashcheyev

and Nava, 2019]. Therefore, accurate topside modeling has remained a significant challenge.

Over the last 2 decades, the ionosphere has become a data-rich environment. One of the most
efficient ways to make use of the vast amounts of data for empirical modeling is by applying
ML techniques. In recent years, a number of ML-based electron density models in the Earth’s
ionosphere have been developed [Sai Gowtam and Tulasi Ram, 2017; Gowtam et al., 2019; Li
et al., 2021; Liu et al., 2019; Habarulema et al., 2021; Tulasi Ram et al., 2018]. Several models
provide the F2-peak parameters [Sai Gowtam and Tulasi Ram, 2017; Liu et al., 2019], while
others reproduce three dimensional electron density distributions [Gowtam et al., 2019; Li et al.,
2021]. However, most existing ML-based models binned the data into spatial cells in terms of
geographic latitude and longitude and thus do not provide continuous output [Habarulema et al.,
2021; Tulasi Ram et al., 2018; Gowtam et al., 2019]. Habarulema et al. [2021] noted that these
models exhibit discontinuities at the borders of spatial cells and require either 3D interpolation
or filtering to produce physically meaningful output. Furthermore, it has been noted that one of
the main limitations of the existing machine learning models is their lack of validation through

independent data sources [Habarulema et al., 2021].

In this study, we present an empirical model of electron density in the topside ionosphere
based on Chapman functions with a linear dependence of scale height on altitude. Our model
consists of 4 parameters, namely the electron density of the F2-peak (NmF2), the peak height
(hmF2), and 2 parameters of the linear scale height decay (slope dH;/dh and intercept Hy),
derived from 19 years of GNSS RO data (see Figure 7.1a). We use neural networks to model
these parameters and develop a continuous model that yields highly accurate reconstructions of
the topside ionosphere. We perform an extensive validation of the model on in-situ data from
three independent missions not used for the model training. The developed Neural network-
based model of Electron density in the Topside ionosphere (NET) model is in a remarkable
agreement with in-situ measurements and outperforms the IRI-2016 model by up to an order of

magnitude, especially at 100-200 km above the F2-layer peak and in local-winter hemispheres.
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7.2 Methods

7.2.1 Data set

Over the last two decades, the GNSS radio occultations proved to be an invaluable tool in the
ionospheric research. The RO measurements are a remote sensing technique that allows retrieval
of the high-resolution electron density profiles (EDPs). Schreiner et al. [2007] estimated the
precision of the RO observations to be ~10%el./cm?. Currently, the electron density observations
provided by the RO technique constitute a major three dimensional data source in the topside
ionosphere. The EDPs are retrieved using an Abel inversion, which can lead to certain artifacts,
for instance the underestimation of the Equatorial Ionization Anomaly (EIA) crests, arising from
the underlying assumption of spherical symmetry [Yue et al., 2010b]. However, the RO data
have been extensively validated both in conjunctions with the ground-based ISRs and with satel-
lite in-situ observations. In particular, the high quality of the RO EDPs in the topside has recently
been demonstrated by comparing the COSMIC measurements to electron density observations
from the GRACE-KBR system [Smirnov et al., 2021]. The KBR data were calibrated by the
ISRs [Xiong et al., 2015] and therefore were used as a reference data set for these comparisons.
Smirnov et al. [2021] demonstrated that the radio occultation electron densities from the COS-
MIC mission were in very good agreement with GRACE data with bias of <2%. The study has
shown that the RO observations can thus be an important data source for empirical modeling,
especially in the topside ionosphere due to their 3D coverage and large volumes of provided

data.

Several constellations have provided EDP data using the radio occultation technique, start-
ing from the early days of the GPS/MET satellite. In this study, we use data from the COSMIC,
CHAMP and GRACE missions. The details of spatial and temporal coverage of these mis-
sions can be found in Smirnov et al. [2021]. In general, the COSMIC mission has provided an
enormous data set of topside electron densities, exceeding 4.5 million profiles. However, the
COSMIC mission operated during the declining phase of the solar cycle 23 and during the entire
cycle 24 which corresponded to historically low levels of activity. The GRACE and CHAMP
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missions, on the other hand, also covered more active conditions during solar cycle 23. There-
fore, in order to ensure a better solar cycle coverage and provide more data corresponding to
active conditions, we include data from the GRACE and CHAMP missions. It should also be
noted that these missions operated at much lower altitudes than COSMIC and do not provide
enough coverage of high altitudes to fit the topside EDPs. Therefore, the additional GRACE
and CHAMP data were used for retrieving NmF2 and hmF2, while the topside shape parameters
were fitted on COSMIC EDP observations. In this study, we use level 2 electron density profiles,
provided through the "lonPrf" product. The COSMIC EDP data were subject to quality control.
We removed the topside profiles that extended over > 5° GLat and > 10° GLon, as well as EDPs
that exhibited positive electron density gradients at higher altitudes. Furthermore, the profiles
where the derivatives of electron density exceeded the magnitudes of electron density, and the
profiles with deviations from the linear alpha-Chapman fit of more than 100% were removed, in

order to exclude irregular EDPs.

The developed model needs to be validated not only on the data from the missions that were
used for training, but also on independent data sources. Using independent missions for vali-
dation gives a good indication of the generalization ability of the model at different altitudes,
locations and timescales. In this study, we employ the GRACE-KBR observations, which pro-
vide in-situ electron density values with a spatial resolution around 200 km along the GRACE
orbit. This dataset has been intercalibrated with incoherent scatter radars and can be considered
as a "gold standard" [Xiong et al., 2015]. Furthermore, we use in-situ measurements of electron
density by the CHAMP-PLP and the full ion densities measured by the C/NOFS-CINDI instru-
ment, intercalibrated by Smirnov et al. [2021]. The GRACE mission operated in 2002-2017 and
covered altitudes from 400 to 500 km with global coverage. The CHAMP mission covered lower
altitudes, from around 400 km at the beginning of the mission lifespan to 300 km at the end of
the mission. The C/NOFS mission represents an important source of data for model validation,
because it covered equatorial latitudes and also provided a vast altitude coverage from 300 km

up to 800 km.
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7.2.2 Fitting the topside profiles with a linear alpha-Chapman func-

tion

The vertical structure of the ionosphere has been a topic of continuous interest since the early
works of Appleton and Beynon [1947]. The study by Bent et al. [1972] was one of the first papers
that described the functional dependence of electron density in the topside as a combination of
a parabolic and exponential terms. Since then, a variety of mathematical descriptions of the
topside ionosphere has been developed. A systematic review of the possible functions to fit
the topside profiles was presented by Fonda et al. [2005]. In particular, they showed that the
Chapman function gave the best agreement with observations based on the topside sounder data.
The Chapman function is based on first principles and has been employed in numerous studies
to approximate the topside ionosphere. One of the important parameters of the ionospheric
plasma, included in the Chapman equation, is the effective scale height, which represents a
vertical distance over which the electron density decreases by a factor of e [Rishbeth and Garriott,

1969] and thus serves as a shape factor of the topside profiles.

The part of the topside ionosphere close to the F2 layer peak is dominated by atomic oxy-
gen, while at higher altitudes the light ions become the dominant plasma constituents [Kelley,
2009]. Different ion species have different scale heights, and this information needs to be incor-
porated into the empirical models. In the early works, these differences were neglected and the
scale height was often assumed constant for simplicity [Reinisch et al., 2004]. This approxima-
tion works well in the lower topside (around the F2-peak) but faces obvious problems at higher
altitudes. There can be several approaches to account for the varying scale height. One reason-
able approach is to use a multi-layer model, for example assuming a Chapman function with a
constant scale height near hmF2 but adding an exponential term for higher altitudes [Limberger
et al., 2013]. Another method, first proposed by Rishbeth and Garriott [1969], is to use a single
layer formulation which includes an empirical relation of scale height to altitude. One of the ap-
proximations which gained a significant popularity assumes a linear decay of scale height with
altitude [Rishbeth and Garriott, 1969; Fox, 1994; Olivares-Pulido et al., 2016; Hernandez-Pajares
et al., 2017; Prol et al., 2018, 2019], and in this study is referred to as the linear alpha-Chapman
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function. It has been demonstrated that this method produced results largely identical to the
multi-layer model and could well approximate both the radio occultation data [Olivares-Pulido
et al., 2016] and the topside sounder observations up to the altitude of around 1500 km [Prol
et al., 2019].

In this study, we approximate the COSMIC radio occultation profiles using the linear alpha-

Chapman function of the form:

N,(h) = NmF2 - exp(0.5(1 — z — exp(—2))),

h — hmF2
= W’ (7.1)
H,(h) = dH, (h — hmF2) + Hy,

dh

where N, is electron density as a function of altitude 4; NmF2 and hmF?2 represent the peak
electron density of F2-layer and the altitude of the peak, respectively; H; is an effective scale
height, in our case depending linearly on altitude, dH;/dh and H, show the slope and intercept
of this linear trend, respectively. The F2-peak density and height were obtained from the data,
while the dH;/dh and Hy values were retrieved by fitting Equation 7.1 to COSMIC EDPs using
curve-fitting routines implemented in the scipy Python library.

Figure 7.1b,c shows an example of the COSMIC profile, fitted using the linear alpha-Chapman
function. In panel (b), the COSMIC data are shown in orange, a large black dot denotes the peak
of the F2-layer and is determined from the data, and the solid black line gives the topside profile
fitted to Equation 7.1. In panel (c), we demonstrate the scale height retrieved from the data using
the method of Olivares-Pulido et al. [2016], and the corresponding linear fit from Equation 7.1.
In Figure 7.1b it can be seen that the linear approximation reproduces the COSMIC profile well.
In fact, Olivares-Pulido et al. [2016] showed that this functional dependence can approximate the
vast majority of RO profiles with a correlation of over 98%. We note that the topside profiles are
usually fitted to the linear alpha-Chapman method at altitudes higher than 100 km above hmF?2,
since the scale height may exhibit a stronger nonlinear decrease when approaching the F2-peak
[Olivares-Pulido et al., 2016; Prol et al., 2018].

The linear alpha-Chapman approximation yields 4 parameters, namely the F2-peak density
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and height, and 2 parameters of the linear scale height decay. In Figure 7.1d, we show the
schematics of the model workflow. Each of the four parameters is modeled separately with a
feedforward neural network, and the final values of electron density can be retrieved by substi-
tuting outputs of the 4 sub-models into Equation 7.1. It should be noted that NmF?2 is predicted
in logarithmic scale, due to the fact that the peak electron densities can span over several orders

of magnitude, while the other parameters are retrieved in linear scale.

7.2.3 Neural networks

One of the most efficient ways to utilize large volumes of data for empirical modeling is by using
machine learning. In particular, artificial neural networks are one of the most popular techniques
to find complex non-linear relationships between the input and output variables, and have been
used in many applications such as classification, regression, and image recognition. In this study,
we employ multi-layer perceptrons, which are a type of the fully connected feedforward neural
networks. MLPs try to find nonlinear mappings between the input and output parameters by
optimizing weights and biases of the neurons contained in the hidden layers. The neural network
typically comprises an input layer, one or several hidden layers, and an output layer. Every
link between a neuron in one layer to each of the neurons in the next layer has a corresponding
trainable weight. It shows how strongly that particular neuron influences nodes it is connected
with. When the network is initialized, the weights are selected randomly. Each connection also
has an associated bias which allows to better adjust the model. At first, the values contained in
the input layer nodes are summarized, passed through an activation function which adds a non-
linearity into the model, and used as inputs to the neurons of the first hidden layer. Activation
functions are an essential part of MLPs, as only with them one can model non-linear functions.
This procedure is the same for all hidden layers. Finally, the outputs of the last hidden layer are
summed up and given to the output node, usually without a final activation function. The weights
and biases of each layer and neuron are typically optimized by gradient-based methods, where

stochastic gradient estimates can be efficiently computed using back-propagation schemes.

Due to the expressiveness introduced by the large number of trainable parameters, MLPs can
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easily overfit to training data without capturing the underlying phenomena. One way to mitigate
this is via regularization techniques, for instance the Dropout method [Srivastava et al., 2014],
which randomly removes a subset of neurons in training of each minibatch and adds regularizing
effect by increasing the stochasticity. Another frequently employed technique is an addition of
gaussian noise between the layers during the network training. It has been shown that adding
small amounts of noise during the training process helps a NN converge to a smooth function of
the inputs and also imposes a regularization effect. Specifically, the networks trained with addi-
tional noise are less able to memorize the training set, as the model perceives the training samples
infused with noise as constantly changing. This results in more robust networks with lower gen-
eralization errors. In this study, we employ both the gaussian noise and dropout techniques and
treat the dropout rate and noise magnitude as hyperparameters.

In the present study, we develop a set of models to predict 4 parameters that can be repre-
sented as numerical variables and therefore address a regression problem. As inputs, we use
the solar flux index P10.7, geomagnetic indices Kp and SYM-H, as well as satellite position
in geographic and geomagnetic coordinates, MLT and day of year (DOY). It is of note that
the COSMIC EDPs can span over several degrees in latitude and longitude, and therefore the
geographic positions of the top points of the profiles were used to train the dH;/dh and Hy mod-
els, while during the model testing the profiles were assumed vertical. The P10.7 represents a
smoother version of the 10.7 cm radio flux index (F10.7), and is derived as an average of the
current F10.7 value and that over the previous 81 days [Xiong et al., 2022; Bilitza and Xiong,
2021]. This index has been used in a variety of ionospheric models, including the IRI model, and
was found to give better performance than the raw F10.7 values [Richards et al., 1994], which
can exhibit spikes, especially during the strong solar storms. We also use the planetary Kp index
that shows the averaged state of the geomagnetic field disturbances and serves as a good proxy of
convection which is an important mechanism in producing several ionospheric phenomena, for
instance, the polar patches. Furthermore, we use the SYM-H index, which shows the strength of
the geomagnetic storms, to account for the storm-time events.

Several of the cyclic input features have artificial boundaries between the highest and lowest

values. For instance, the local time has a discontinuity at 24-00 hours, which can create artifacts
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in the model output. In order to avoid this discontinuity, it is common practice in empirical
modeling to replace values of these input features with their sine and cosine values [Bortnik
et al., 2016a]. Furthermore, it has been shown that using higher orders of the sine and cosine
functions for the positional inputs can significantly increase the model accuracy. Tancik et al.
[2020] demonstrated that these simple feature transformations allowed the MLP models to learn
the high-frequency dependencies in low-dimensional regression tasks and greatly enhanced the
model performance for image regression problems. This technique became known as the Fourier
features method [Tancik et al., 2020]. In this study, we also apply this method to several features,
namely the LT, DOY, geomagnetic and geographic latitude and longitude (see Figure 7.1d). Se-
lecting the correct FFT order can have a non-negligible effect on model training. For each of
the features, we select the FFT order that results in the best model performance (the correspond-
ing selection of the FFT orders is described in the Supplementary information of Smirnov et al.

[2023]).

7.2.4 Data splitting

This study uses a supervised learning algorithm, namely a multilayer perceptron, to model elec-
tron density in the topside ionosphere. In order to train the supervised model, it is necessary to
split the data into the training, validation and test subsets. The training set is used to fit the model,
the validation set helps select the neural network hyperparameters and gives a more unbiased es-
timate of the network performance during each training iteration. In particular, the error on the
validation set can be used for early stopping regularization, where the model training terminates
as soon as the validation error does not decrease anymore. The test set is withheld during the
model training and validation, and is only used once the models have been created to evaluate
their generalization ability on the unseen data.

There are several ways to split the data into the training, validation and test data sets. If
no time-dependence is assumed in the data, it is possible to split data entries between the three
sets randomly, e.g., by using 70-80% of the data for training, and 10% for both validation and

testing. In case of time-series and physics problems, this splitting technique should be avoided
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as it can lead to what is referred to as the data leakage. For instance, when most of the points
constitute the training set, one can linearly interpolate between those points to derive values that
belong to the typically smaller validation and test sets. This would result in a biased estimate of
the model performance [Camporeale, 2019; Smirnov et al., 2020a]. Another potential technique
is to use the K-fold CV, where the data are split in the time-domain into K continuous parts,
and the model is re-fitted K times each time withholding one of the parts and trained on K-1
intervals (for details, see e.g., Smirnov et al. [2020a]). At the same time, using the K-fold CV
for hyperparameter tuning leads to an exponential increase in training time, as the models need
to be re-trained numerous times for every hyperparameter trial. Therefore, another option is to
split the data in the time domain into a number of intervals that are long enough to contain inde-
pendent events of shorter timescales, therefore preventing the data leakage. This is described, for
instance, in Chu et al. [2021]. In this study, we split the data into continuous 27-day segments,
and randomly choose 70% of those intervals for training, 15% for validation and 15% for testing.
Such a splitting allows us to validate the model on a variety of solar activity and geomagnetic
conditions, while at the same time avoiding the data leakage. The data splitting is illustrated in

Figure 7.1a, where one colored stripe corresponds to a single 27-day segment.

7.2.5 Hyperparameter tuning/ model selection

In this study, we use feedforward neural networks implemented in the Keras Python library
[Chollet et al., 2015]. The parameters which define the network structure and training procedures
are typically referred to as the hyperparameters and include the number of the hidden layers,
number of neurons in each of the layers, the activation function, optimizer, dropout rate and so
on. They are not directly optimized by gradient descent. Instead, we use the tree-structured
Parzen estimator algorithm [Bergstra et al., 2011] implemented in the Optuna Python library to
tune the number of hidden layers and neurons, dropout rate and the magnitude of gaussian noise.
The preliminary hyperparameter trials indicated that a 3 layer neural network achieved a very
good performance and the reduction of the MSE by adding the fourth and fifth layers was <1

%. Therefore, we later fixed a number of layers to 3 and optimized the other parameters. The
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summary of the parameters, their search domains and the optimized values based on the Optuna

trials are given in the Supplementary Table S1 in Smirnov et al. [2023].

7.2.6 Comparison with the International Reference lonosphere (IRI)

model

First established as a joint project of the Committee on Space Research (COSPAR) and Interna-
tional Union of Radio Science (URSI) in 1968 [Rawer et al., 1978], the International Reference
Ionosphere is, perhaps, the most famous model of the ionosphere. The IRI has been continuously
improved [Bilitza et al., 2011] and in 2014 was accepted by the International Standards Organisa-
tion (ISO) as the international standard of ionospheric specification [Radicella and Nava, 2020].
The IRI describes electron density and temperature, ion composition, ion temperature and drifts
at altitudes from ~50 up to around 2000 km. For electron density modeling, NmF2 and hmF2
can be considered the most important parameters. There are several options for the topside shape
functions, including the IRI-2001 version and its correction [Bilitza, 2004], as well as the top-
side parametrization based on the NeQuick model [Coisson et al., 2006; Nava et al., 2008]. Since
the 2007 version of the IRI, the NeQuick topside has been adopted as the default option for the
topside ionosphere [Bilitza et al., 2006]. In this study, we use the IRI-2016 model with the foF2
specified by the URSI model, hmF2 given by AMTB-2013 model [Altadill et al., 2013], and the
default NeQuick topside, to compare to the predictions by the developed NET model based on
several in-situ and radio occultation data sets. In particular, it is crucial to quantify the degree
of improvement achieved by the NET model compared to the IRI, which can be done using the

skill score (SS) metric. This metric can be written as follows:

S =1- M (7.2)

i1 (bi — 01)?
where m denotes the NET model values, o stands for observations, and b represents the baseline
(IRI) model output. This metric quantifies the improvement over a baseline model, and is also
sometimes referred to as the prediction efficiency [Morley et al., 2018; Murphy, 1988]. The

skill score values are analyzed in detail in the Supplementary information from Smirnov et al.
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[2023] for different seasons, magnetic latitudes and local times, and it is demonstrated that the
NET model outperforms the IRI-2016 by up to 70-80%, with the most significant improvement

achieved in the local-winter hemispheres (Supplementary Figure S4 in Smirnov et al. [2023]).

7.3 Results

7.3.1 Modeling 4 parameters of the linear alpha-Chapman function

using neural networks

The developed NET model consists of 4 sub-models reproducing parameters of the linear alpha-
Chapman equation based on location, season, local time, and solar and geomagnetic activity
(Figure 7.1). It is, firstly, necessary to evaluate the ability of the model to recreate these four pa-
rameters correctly. A comparison between the values predicted by the NET model and COSMIC
observations on the training, validation and test sets (Figure S1 in the Supplementary Informa-
tion of Smirnov et al. [2023]) yields that the model reproduces all of the parameters well, with
correlation coeflicient ranging from 0.8 for the dH;/dh model up to 0.96 for the NmF2 model.
Furthermore, the correlation coefficient values are nearly identical on the training, validation and
test sets which indicates a very good generalization ability of the model and low degree of over-
fitting. We now move to analyzing whether the sub-models of each parameter preserve realistic

structures of the ionosphere.

Figure 7.2 shows a comparison between the observed and predicted values of the four pa-
rameters based on 3 months of COSMIC data sampled from test and validation sets. The values
are binned by 1 hour MLT and 5 degrees MLat. The interval in question covers the times from
late November 2013 until end of February 2014, which correspond to the December solstice (D-
season) conditions. NmF2 and hmF2 parameters describe the dynamic variability of the F2-peak,
while the Hy and dH;/dh interpreted together can be indicative of the processes in the topside. In
particular, Prol et al. [2018] showed that H, generally shows the electron content directly above

the F2 peak, while changes in dH;/dh account for electron density decay at higher altitudes.
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Figure 7.2. Maps of the four parameters observed by COSMIC and predicted using the NET model,
binned by magnetic latitude and local time. The bins with <2 data points were removed. The data
cover the time interval from 2013-11-11 until 2014-02-27, corresponding to D-season conditions, and are
sampled from the validation and test sets.

Specifically, higher Hy values correspond to the "thicker" profiles around the peak, while the

increased dH;/dh values indicate steepening of the profiles and slower decay at high altitudes.

Physical phenomena as seen in the NET model results

Several known regions, corresponding to different processes that govern the ionospheric dy-

namics around December solstices, can be identified in the results of NET (Figure 7.2). NmF2
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exhibits two crests of 1onization around 15-25°MLat in both hemispheres, separated by an elec-
tron density trough. This feature is known as the Equatorial Ionization Anomaly (EIA) (Figure
7.2a,b); it usually develops after sunrise and shows a gradual decay after midnight [Rishbeth and
Garriott, 1969; Kelley, 2009]. The EIA formation can be explained as follows. The existence
of zonal electric fields around the equator, where the magnetic field lines are nearly horizontal,
gives rise to the vertical EXB drift. During the daytime, the zonal electric fields are directed east-
wards which leads to the upward transport of plasma by the ExB drift. During the sunrise, an
increase in solar illumination ionizes the neutral particles in the thermosphere. These newly ion-
ized particles are transported to higher altitudes by the ExXB drift, and an enhancement of hmF2
develops at ~ 06 MLT around the equator. Higher altitudes have lower recombination rates, and
therefore the ionized particles pertain there for longer times and start diffusing downward under
the gravity and pressure gradient forces. This diffusion is constrained by the magnetic field lines
and leads to the formation of the two crests of ionization, and this is known as the equatorial
fountain effect [Kelley, 2009]. A global maximum of hmF2 is manifested around the equator
at ~19 MLT (Figure 7.2d,e). This corresponds to the sunset hours, when the eastward elec-
tric fields exhibit pre-reversal enhancements (PRE) [Farley et al., 1986] leading to large upward
ExB velocities which lift the F2 peak to even higher altitudes (> 460 km). During the nighttime
(21-06 hours MLT), the zonal electric fields reverse their direction and move westwards creating
the downward EXB transport. The F2-peak thus subsides to lower altitudes (~ 280 km). Due
to higher neutral densities and stronger recombination rates there, NmF2 starts slowly decaying
exhibiting minima around 05 MLT (Figure 7.2a,b).

Figure 7.2 corresponds to the D-season conditions with the local summer in the southern
hemisphere. NmF2 exhibits a strong hemispheric asymmetry, with larger electron densities in
the southern hemisphere, due to the Earth’s tilt and higher solar irradiation (Figure 7.2a,b). Fur-
thermore, hmF2 also shows a summer-winter asymmetry with values in the northern hemisphere
lower by about 100 km compared to the southern hemisphere. Around the solstices, there are
strong winds blowing from the summer into winter hemispheres at altitudes around the F2-peak
[Kelley, 2009]. In the D-season, the winds are directed from the southern into the northern

hemisphere. These winds have a component parallel to the magnetic field and transport ion-
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ization upward in the local-summer hemisphere, while pushing the F2-peak downward in the
local-winter hemisphere, resulting in the asymmetric structure of hmF2. Furthermore, one inter-
esting feature in Figure 7.2g,h is the increase in Hy at polar latitudes in the southern hemisphere,
which indicates that electron density profiles are convex around the peak. This pattern shows
little diurnal variation and likely comes from the fact that during solstices, polar regions in the
local-summer hemispheres are sunlit at all MLT's due to absence of dark nights [Prol et al., 2018].
One also observes several regions of enhanced scale height gradient (Figure 7.2j,k), namely two
mid-latitude stripes (~ 40° MLat in both hemispheres) which remain at all local times, and a
sunrise peak (~05-07 MLT) around the magnetic equator. The sunrise peak is likely connected
with the so-called morning overshoot of electron temperature. It happens due to energy exchange
between the newly ionized photoelectrons and ambient electrons, which is more efficient in re-
gions of low electron density. Once the ionization builds up, the resulting cooling decreases the
temperature and the peak disappears at around 08 MLT [Stolle et al., 2011]. As the temperature
is related to scale height, this feature pertains in the scale height gradient. The dH;/dh peaks
at middle and high latitudes are likely due to the downward fluxes of protons injected into the
topside from the plasmasphere [Prol et al., 2018], and become more evident at low solar activity
(see Supplementary Figure S3 in Smirnov et al. [2023]).

All of the above-mentioned processes are very well depicted by the NET model, as the differ-
ences between the NET predictions and COSMIC observations of the 4 parameters are close to
zero at all magnetic latitudes and local times. This means that the NET model is capable of repro-
ducing ionospheric dynamics caused by a wide variety of drivers, including the electrodynamic
processes, neutral winds, field-aligned transport from the magnetosphere, etc. Furthermore, the
combined interpretation of the four model parameters can yield insights into the physical pro-

cesses that control the dynamics of the topside ionosphere.

7.3.2 Model testing on COSMIC electron densities

We now move to evaluating the model performance on COSMIC electron density values. Figure

7.3 shows a comparison between electron density predictions by the IRI and NET models to the
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Figure 7.3. 2D histograms of electron density observed by COSMIC on the test set versus those predicted
by the IRI model (a), and the developed NET model (b). (c) Cumulative distribution of ratios between
the IRI model and the COSMIC data on the test set; (d) Cumulative distribution of ratios between the
developed NET model and the COSMIC data on the test set.

COSMIC data for the entire test set. In panel (a), we demonstrate the 2D histogram of electron
densities observed by COSMIC and predicted by the IRI-2016 model with the topside specified
by the NeQuick option. The IRI gives unbiased predictions for very low and very high electron
densities, as these points generally lie close to the one-to-one correspondence line. However, for
intermediate densities (~ 10° el./cm?) there is an overestimation of electron densities by the IRI,

which results in a curved shape of a 2D probability distribution. Furthermore, the IRI model
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produces a close-to-gaussian distribution of electron density values, while the distribution of the
COSMIC data appears more flat-top and is skewed to the right. The comparison of the NET pre-
dictions to COSMIC data is shown in Figure 7.3b. The corresponding 2D probability distribution
is centered around the one-to-one line, which means that the model gives unbiased predictions
in the topside ionosphere when compared to COSMIC data. The overall bias of the NET model
on the test set is approximately 3 times smaller than for the IRI (-0.6-10%l./cm® compared to
~ 1.8 - 10%l./cm?). Furthermore, in Figure 7.3 one can see that the 2D probability distribution
appears narrower for the NET model. To quantify the degree of spread of the 2D distributions,
we evaluate the standard deviation of the difference between the observed and predicted electron
densities. The standard deviation for the NET model is 6.5 - 10%el./cm?, while for the IRI this
value equals 11 - 10*l./cm?®, which is approximately 1.6 times larger. This indicates that the
dynamics of electron density is on average captured better by the NET model. Another useful
metric, often employed when evaluating the model predictions, is the ratio between the model
predictions and observations. Figure 7.3c,d shows cumulative distributions of the ratios between
the IRI and NET models to COSMIC data. We use the linear version of the ratio for values > 1,
while taking the inverted ratios if the values are < 1. The cumulative distributions of the ratios,
shown in Figure 7.3c,d, yield how often the model predictions lie within a given factor from
the data. One can see that 96.5% of the time the NET electron densities lie within a factor of
2 from the observations, while the IRI predictions are within a factor of two 78.3% of the time.
Moreover, most of the NET predictions (over 84.9%) are within a factor of 1.5 from the data,
which is higher than for the IRI (54%).

The statistics shown in Figure 7.3 combine all altitudes and locations corresponding to the
test intervals of the COSMIC data. In order to investigate the performance of the developed NET
model in more detail, we bin the data in several dimensions and evaluate the metrics locally,
compared to the previous global comparisons. We, firstly, bin the model residuals by altitude
relative to hmF2 (Figure 7.4). It is of note that for this comparison we do not distinguish between
different locations, and such binning is provided separately in the Supplementary Figure S4
of [Smirnov et al., 2023]. Figure 7.4a indicates that the IRI-2016 model with the NeQuick

topside underestimates the F2-peak density, and overestimates electron densities in the topside.
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Figure 7.4. Median bias (a) and median percentage bias (b) versus altitude relative to the F2-peak, calcu-
lated on the test set of the COSMIC data. Biases of the developed NET model are plotted in blue. Vertical
residuals of the IRI-2016 model are shown in red for the NeQuick topside option, and in grey for the
IRI-2001corr topside shape.

In particular, the strongest overestimation by the IRI, of up to 40.000 el./cm?, comes from the
region around 100 km above the F2 peak height. Similarly, the developed NET model also
underestimates the peak densities, although the bias is roughly 1.5 times smaller than for the
IRI. In the topside ionosphere, however, the vertical residuals of the NET model are significantly
lower than for the IRI. This is also illustrated in Figure 7.4b that shows the vertical percentage
biases. The largest percentage error for the IRI is located at around 150-200 km altitude from
the peak. This overestimation reaches >40%, while at higher altitudes, the residuals are smaller
and converge to become almost unbiased at 500 km above hmF2. In case of the NET model, the
residuals are very small at all altitudes, and do not exceed 5-7%. It is worth noting that in the
region where the IRI-2016 exhibits the largest error, the NET model becomes almost unbiased
and only shows deviations from the data in the order of several percent. In Figure 7.4, we also
demonstrate the median bias by the IRI model when the topside is given by the IRI-2001corr
shape function, which is based on the early formulation of Bent et al. [1972]. In Figure 7.4b,
one can see that at altitudes ~ 150 km above the peak, the bias is significantly higher for the

IRI-2001corr topside option (>60%) than for the NeQuick (~40%).
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The seasonal behavior of the models is investigated in Figure S4 in the Supplementary Infor-
mation from Smirnov et al. [2023]. The Figure shows that the NET model gives largely unbiased
predictions for all seasons, as the average ratios between the model predictions and COSMIC
observations are very close to 1. In case of the IRI, the model overestimates densities in the
local-winter hemispheres for December and June solstices, and overestimates the equatorial ion-
ization anomaly crests during equinoxes. This overestimation corresponds to large values of skill
score (up to 80%) and highlights the regions where the developed NET model most significantly
outperforms the IRI (see Smirnov et al. [2023], Supplementary Figure S4). Overall, these results
demonstrate that the NET model gives unbiased and highly accurate predictions of electron den-
sity in the topside ionosphere, remains unbiased for all seasons, and consistently outperforms the
IRI model by up to an order of magnitude, especially around 200 km above hmF2 and during the

local winters.

7.3.3 Model testing on independent observations

In the previous subsection, the model performance was analyzed on electron densities from the
COSMIC mission. Due to the fact that the NET model was trained on COSMIC data, it is crucial
to perform an additional validation on the fully independent data sources. The purpose of such
validation is to ensure that the model not only reproduces the COSMIC line-of-sight profiles
which may smear out some of the ionospheric structures but is also capable of resolving the
finer morphology of the topside ionosphere. Therefore, in this section we test the model on 3
completely independent missions, namely, the GRACE, CHAMP and C/NOFS. These missions
provide data of the highest quality and have been used in a variety of ionospheric studies, both
for empirical modeling and for case studies analyzing specific space weather events.

An example of the model comparison to GRACE-KBR data for one of the days correspond-
ing to equinoctial conditions is shown in Figure 7.5. Note that this day was not used for model
training and belongs to the test set. In panel (a), we show electron densities observed by GRACE
and predicted by the NET model. The model values are in excellent agreement with the observa-

tions, as the NET model correctly captures both the high electron density values corresponding
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Figure 7.5. GRACE/KBR densities (shown in blue), compared to the NET predictions (panel a), and
IRI predictions (subplot b) on 19 September 2009 (an example from the test interval). The percentage
differences between the models and observations are given in panel (c). The GRACE altitude is shown in
panel (d).

to equatorial latitudes and the low densities typically occurring at higher latitudes. Figure 7.5b
gives a comparison between the IRI predictions and GRACE-KBR observations. It is evident
that the IRI overestimates electron densities in the equatorial region. This is in good agreement
with our previous comparison between the IRI model and COSMIC data (Supplementary Figure
S4 in Smirnov et al. [2023]), which showed that the IRI overestimates the EIA crests by approx-

imately a factor of 2. Furthermore, Figure 7.5b also shows that the IRI strongly overestimates
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the regions of low densities, which correspond to higher latitudes. In fact, the density depletions
shown in Figure 7.5 are due to the midlatitude ionospheric trough, which is known to be chal-
lenging region for empirical modeling of the ionosphere. Figure 7.5c gives the percentage bias
for both models. One can see that the IRI model overestimates electron densities by up to 400%
in the polar regions, and that the model is in general biased towards overestimation. The NET
model, on the other hand, shows much lower percentage bias which is centered at zero. It should
be noted that throughout the period demonstrated in Figure 7.5, GRACE altitude was about 450-
480 km, which is approximately 100-150 km above the F2 peak. In Figure 7.4, this region was
highlighted as the most problematic for the IRI with an overestimation of the COSMIC densities
by almost 50%. The percentage bias demonstrated in Figure 7.5 agrees well with our findings in
Figure 7.4, as the IRI tends to overestimate the GRACE-KBR electron densities in the same way
as COSMIC. The NET model shows mostly unbiased predictions along the GRACE altitude.

Table 7.1. Metrics for comparisons between NET and IRI models and observations on 3 independent
missions

Metric CHAMP-PLP GRACE-KBR C/NOFS-CINDI
Median bias, NET, [el./cm?] 11.209 460 -088
Median bias, IRI, [el./cm?] 34.021 8.708 14.422
Standard deviation, NET, [el./cm?] 182.585 127.390 101.820
Standard deviation, IRI, [el./cm?] 218.160 165.048 161.739
Median log bias, NET 0.04 0.003 -0.01
Median log bias, IRI 0.1 0.05 0.12
% of values within a factor of 2, NET 88 89 91
% of values within a factor of 2, IRI 78 79 75
Correlation, NET, [%] 92 92 92
Correlation, IRI, [%] 87 85 86
Skill score of NET over IRI, [%] 30 40 60

Additional examples of the model testing are given in the Supplementary information of
Smirnov et al. [2023]; Figure S5 gives an example of a 27 day period from the test set, showing
the satellite passes of GRACE and predictions by the NET and IRI models. It can be seen

that the NET model reproduces the ionospheric structures very well, and is even able to capture
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electron densities in the midlatitude ionospheric trough, which has been shown to be a traditional
challenge for ionospheric modeling [Xiong et al., 2013]. The metrics evaluated on the test set
show that the NET model predictions are in very good agreement with observations (Table 7.1),
as ~90% of the NET electron densities lie within a factor of 2 from the measurements based on
CHAMP, GRACE and C/NOFS missions. Furthermore, the NET model exhibits very low values
of bias, e.g., ~ —10%l./cm for C/NOFS, which is approximately an order of magnitude smaller
than for the IRI. This indicates that the developed NET model is not only capable of reproducing
the COSMIC data which were used for model training but also yields highly accurate predictions
on completely independent measurements by 3 instruments operating on different observational

principles.

7.4 Discussion

The Earth’s ionosphere is a reg