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SUMMARY

The topside ionosphere is the gateway between the lower ionosphere and the plasmas-

phere/magnetosphere above. Existing models of the topside ionosphere are empirical and

not as resiliant to extreme conditions, like the effects of solar storms. This work investi-

gates the use of machine learning to develop a model of the topside ionosphere that is built

on in-situ satellite data and may be better suited to accurately modeling the ionosphere

in extreme conditions, develops extensions of the model by designing a hybrid model that

blends empirical models with machine learning allowing for the advantages of both types of

models to be combined, and provides information about relative model importance within

a hybrid model.

This work begins by investigating the intersection between modeling the Earth's iono-

sphere, and using machine learning to model systems in Earth's upper atmosphere, which

shows us the need for a better topside ionospheric model, and that machine learning may

be useful in this regard. This leads into the development of a neural network model of the

topside ionosphere, including the feature selection process and performance analysis of this

purely machine learning based model. To expand the model domain, stacked generalization

is used to combine the developed machine learning model with existing empirical models,

speci�cally the International Reference Ionosphere and E-CHAIM, and model importance

within the stacked generalization model is determined using Shapley values. Finally, an

analysis of the use of topside electron density predictions to improve total electron content

modeling is performed, and better TEC predictions are provided. The work ends with a

summary of the work done, and suggestions on how to improve or build upon the work.

xvii



CHAPTER 1

INTRODUCTION AND BACKGROUND

1.1 Research Purpose

From altitudes of 70 km to 1000 km above Earth surface, solar UV radiation and particle

precipitation create a region of ionized gas in the Earth's atmosphere. This entire range is

known as the ionosphere. It is divided into three key layers (D, E, and F regions) as seen

in Figure 1.1. In this thesis I focus on the study of electron densities in the F region, or

the Earth's topside ionosphere. The F region ionosphere (160 km - 1000km altitude) is

the gateway between the lower layers of the ionosphere below and the magnetosphere and

plasmasphere above, with the shape of these regions in relation to each other outlined in

Figure 1.2. During the day, ionization in the upper topside causes a swell of plasma into

the plasmasphere, while at night, the plasma �ows back down into the topside. As such,

the topside is an important border region that dictates how solar activity permeates into the

Earth's magnetosphere and impacts the Earth below. An accurate model of the topside will

allow for more robust communication systems between Earth and space, better accuracy

for Global Positioning System (GPS) satellites, and provide scienti�c insight into how the

ionosphere interacts with the layers of atmosphere below and the magnetosphere above.

The key measurable quantity of interest is the electron density as a function of 3D location.

However, existing topside models are lacking for two main reasons. One is the dif�culty

of collecting extensive data at the wide range altitudes of the topside. Current sources

of data (radio occultation pro�les, topside sounders, and in-situ satellite data) are sparse

in either temporal coverage, spatial coverage, or both. The other problem with existing

topside models is that the leading models are empirical models, like the IRI's NeQuick, or

general circulation models (GCMs), like the Thermosphere Ionosphere Electrodynamics
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Figure 1.1: Sample IRI pro�les of ionospheric electron density, shown for daytime and
nighttime. The D, E, and F regions are represented by the background color.
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Figure 1.2: Regions of the Earth's magnetosphere, including the connection to the iono-
sphere. Taken from [1].

General Circulation Model (TIE-GCM) which use empirical or climatological models as

input into a physics-based simulation. While these models are based on an understanding of

long term ionospheric dynamics, they often fail to capture the behavior of the ionosphere

system in dynamic conditions, such as the reaction of the ionosphere to a geomagnetic

storm. In contrast to empirical models, which require a background model and are therefore

constrained in their ability to model extreme conditions, machine learning models make

no underlying assumptions about ionospheric structure and instead are built up with data,

including data collected from times with extreme geomagnetic conditions. Therefore, the

goal of this thesis is to investigate the application of machine learning to the problem of

modeling the topside ionosphere in order to evaluate its ability to better capture ionospheric

variability. In addition, we explore and compare a hybrid model using machine learning

and the existing empirical models.

3



1.2 Ionosphere

1.2.1 De�nition andCharacterization

When solar radiation is incident on the neutral gases in Earth's atmosphere, the gases are

ionized, creating a region of plasma. A plasma is de�ned as an electrically quasineutral

collection of electrons and ions, meaning that at large enough spatial scales, the collec-

tion has neutral charge, but locally there may be areas of imbalanced positive and negative

charge. The ionosphere is one such naturally occurring plasma, with midlatitude electron

densities on the order of1011 electrons
m3 and electron temperatures on the order of103 K [2].

In addition to plasma generation by solar UV radiation, high energy particles precipitate

downwards in altitude from the magnetosphere. These ionized gases are apparent from

altitudes of 70 km above Earth's surface all the way to 1000 km above Earth surface, with

altitudes above 90 km containing plasma. This entire range is known as the ionosphere.

To better characterize the differing chemistry and physics that are dominant at different

altitudes of the ionosphere, it is split into three primary regions, the D, E, and F regions.

The D region (70-90 km) is ionized primarily by the sun's lyman-alpha radiation during

the daytime onto oxygen molecules. Much of that ionization disappears within minutes

after sunset due to recombination, but a weaker ionized layer is maintained by cosmic ray

�ux, and electron precipitation from the magnetosphere. From 90-160 km is the E region,

which is more strongly ionized compared to the D region. Above 160km is broadly de�ned

as the F region. This larger region is split into two regions in the day time, the F1 (lower F)

and F2 (higher F) layers. The F1 region's ionization is strongly correlated with the diurnal

cycle, while the F2 region reacts to the day-night cycle slowly as the downward diffusion of

electrons for recombination is slow at these altitudes/temperatures, and pressures. Above

the F-region peak is known as the topside, where the ionization reduces with altitude in

large part due to the decreasing availability of atmospheric particles that can be ionized.

The topside extends to roughly 1000 km. Beyond that is, for low and mid latitudes, the
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plasmasphere, a region of low-energy but long-lifetime electrons that are con�ned by the

Earth's magnetic �eld, that are mostly sourced by ionized particles �owing out along geo-

magnetic �eld lines from the ionopshere.

There are a handful of key parameters that are used to characterize the ionosphere, in-

cluding electron or ion temperatures, altitude (hmf2) of the peak electron density (Nmf2),

or the electron or ion densities. As a result of the interaction of the ionospheric layers with

each other, the plasmasphere above, the diurnal cycle, and both long and short term solar

conditions, we have an understanding of how these different parameters change as a func-

tion of altitude at different times of day. In this thesis, we focus on the electron density

as a function of location within the topside. Figure 1.1 provides an example of a daytime

and nighttime pro�le of electron density through the layers of the ionosphere from the D

region all the way through the topside, well past a typical F2 peak altitude. In the daytime,

we expect elevated electron densities throughout the ionosphere, as ionization is actively

occurring, while at night recombination occurs and lower densities are expected. The peak

in the electron density within the F region creates a barrier to sensing the ionosphere be-

yond this peak, whether looking up from a ground based ionosonde or down from a satellite

based ionosonde.

The ionosphere may be treated as a cold plasma, where thermal motion of the elec-

trons is ignored. Any such plasma has a natural oscillation frequency, called the plasma

frequency, given by

! plasma=

s
Nee2

me� 0
(1.1)

WhereNe is the electron density in electrons/m3, e is the charge of an electron in coulombs,

me is the electron mass in kg, and� 0 is the permittivity of free space in F/m.

In the absence of an external magnetic �eld, or particle collisions, the plasma frequency

acts as a high-pass cutoff: radio waves that propagate below this frequency will re�ect off
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of the ionosphere, while waves at higher frequencies will pass through the ionosphere.

Two other quantities also impact the propagation through the plasma, and those are exter-

nal magnetic �eld (the Earth's geomagnetic �eld), and collisions between particles. The

impacts of all three quantities are captured in a relationship known as the Appleton-Hartree

equation.

However, the geomagnetic �eld is very precisely known. In the F-region and the top-

side, collisions are very infrequent and often ignored. As such, electron density is by far

the biggest unknown that controls the propagation or radio waves through the ionosphere.

Therefore, the more accurate a model of electron density we have, the more con�dent we

can be about maintaining robust communications between Earth and space with a positive

impact on deep space missions all the way to more reliable over the horizon radar systems

which rely on the re�ection of waves off of the ionosphere as a waveguide.

1.2.2 DataCollectionInstrumentation

The differing properties of the layers of the ionosphere present unique challenges in data

collection. In this section, I discuss instrumentation used to collect data about the iono-

sphere and their strengths and weaknesses.

Ionosondes

An ionosonde is a high frequency radar system that sweeps via discrete pulses through a

range of frequencies between 1 to 10 MHz at a �xed orientation through the ionosphere,

and records the return times of the frequencies [3]. An ionogram is a plot of this data

with frequency on the x-axis and distance from ionosonde on the y-axis. The time from

signal emission to return corresponds to the distance between the ionosonde and the point

of re�ection:

2hr = ct (1.2)
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wherehr is virtual height, or the distance between the ionosonde and the point where the

wave re�ects assuming the wave travels at the speed of light,c is the speed of light, andt is

the elapsed time between the ionosonde emitting a frequency and receiving the re�ection

of that same frequency. The frequency associated with a virtual height from re�ection can

also be used to calculate the electron density as a function of distance from the radar system

in the direction of measurement using 1.1. Figure 1.3 depicts an ionosonde transmitting a

pulse at three different frequencies and recording their return times, and then using this

data to compute electron density as a function of distance from the ionosonde.

Figure 1.3: Panel a is a diagram of ionosonde data collection, where a burst of energy
is transmitted at 2MHz, 3MHz, and 3.5 MHz, and the return time of that frequency is
recorded. Panel b depicts the conversion of this data into electron density as a function of
distance from the ionosonde, where 1.2 converts the time of return to a distance from the
ionosonde, and 1.1 converts the frequency into an electron density.

Ionosondes are almost entirely ground-based and therefore create pro�les through the

D, E, and F regions all the way until the F region peak electron density, or they may be
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satellite based and create pro�les through the F region down to the F peak electron density.

Essentially, the peak in electron density seen in Figure 1.1 creates an imaging boundary

that an ionosonde cannot penetrate, because a frequency high enough to pass through the

peak density will not re�ect off of the lower densities beyond, thus do not return to the

radar at all. Ground based ionosondes cannot easily be operated over bodies of water, and

a single ionosonde is limited in spatial coverage. A set of satellite based ionosondes can

cover more area but are limited in temporal coverage of any speci�c location.

Radio Occultation

Radio occultation pro�les contain electron density/total electron content data, and are de-

rived from the occultation of GPS/GNSS signals from satellites in medium Earth orbit

(MEO) through the ionosphere to a second receiving satellite in LEO. GPS satellites broad-

cast at up to three different carrier frequencies named L1, L2, and L5, which correspond

to 1.575 GHz, 1.228 GHz, and 1.176 GHz. From the perspective of the LEO satellite, a

GPS satellite rises above the limb of the horizon, or sets below the limb of the horizon over

about a minute long period, and the ionosphere refracts the radio wave as seen in Figure

1.4. The integrated electron density, or total electron content (TEC) along the LEO satellite

- GPS satellite path, or raypath, is proportional to the phase delay of the L1 and L2 arrival

times, and an electron density pro�le perpendicular to the tangent point (point closest to

Earth) of the raypath can be derived by applying an Abel inversion [4]. Then electron den-

sity pro�les along the raypath tangent may be derived for every computation of TEC along

a given occultation.

Radio occultation data is widely available from a number of satellites or satellite con-

stellations (CHAMP, COSMIC-I, COSMIC-II) and provides good spatial coverage over the

Earth, as it operates based on the widespread GPS/GNSS network, and is not restricted to

make measurements solely over land. However, there are assumptions made in the Abel

inversion retrieval of electron density from the raypath TEC pro�les, which are known to
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Figure 1.4: Schematic of GPS satellite to LEO satellite radio occultation. An occultation
occurs when GPS signals are bent by the Earth's ionosphere and intercepted by the LEO
satellite, as seen by the blue and green curves in the �gure. The phase delay between the
GPS L1 and L2 transmission frequencies allows for computation of TEC along the raypath,
and for each TEC computation, an Abel inversion may be applied to compute the electron
density along the tangent point corresponding to the raypath. The red line indicates the
movement of the tangent point along the occultation.
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introduce unrealistic anomalies and errors in the pro�le [5]. Additionally, the pro�les are

susceptible to errors from noise [6].

Langmuir Probes

Langmuir probes make local measurements electron density and are also installed on satel-

lites. They operate by measuring the current-voltage pro�le of plasma, which allows for

calculation of ion temperature, ion density, and electron density. The basic circuitry for a

Langmuir probe is seen in Figure 1.5, panel a. In particular, the voltage between the elec-

trode and the plasma is varied from a large negative value and steadily increased, and the

the plasma current across the Debye sheath can be measured [7]. For a single Langmuir

probe, as the bias voltage increases above a threshold, the current increases exponentially

before leveling off again as ion collection transitions into electron collection, as seen in

panel b of Figure 1.5. The plasma current versus the bias voltage data can be used to com-

pute the electron temperature, and then the electron density may be computed. The data

collected by the probes are sensitive to the exact design used on a satellite mission, from the

exact shape of the electrode probe, to potential contaminants in the metal or the orientation

of the probe with respect to the spacecraft [8].

As Langmuir probes operate on satellites, the data they collect are spatially sparse in

that the same location is visited infrequently, but temporally rich, in that measurements can

be taken once per second. For a Langmuir probe in low Earth orbit (LEO) at an altitude of

800 km with a period of 101 minutes, this works out to approximately one measurement

per second every 7 km.

Measurement Limitations

In review, the topside ionosphere is particularly tricky to obtain electron density data from

since it is much less accessible by ground instruments such as ionosondes due to the F-

region electron density peak. Looking then to satellite data sources, radio occultation mea-
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Figure 1.5: Panel a depicts circuitry for basic Langmuir probe operation. A bias voltage
is set between the plasma probe and the spacecraft, and the current is recorded. Panel
b represents a sample IV curve from a Langmuir probe sweeping through bias voltages.
The current is low and near constant in the ion saturation region, and as the voltage is
increased, the current exponentially increases as electrons are slowed down, and �nally
electron saturation is reached and the current stabilizes. Assuming the plasma is cold and
weakly ionized, the electron temperature and then electron density may be calculated from
the IV curve. Figure adapted from [9] and [10].

surements are derived from the propagation of radio waves from GPS/GNSS satellites and

provide general electron density pro�les that are more susceptible to error at high altitudes

within the topside. A number of LEO satellites which orbit in the topside ionosphere carry

either electron density probes like the DMSP [11], or topside sounders like the ISIS-1 and 2

missions [12]. However, due to the 7 km/s ground speed of a satellite in LEO, it is dif�cult

to achieve a high spatial resolution at a given time, or a high temporal resolution at a given

location, making it dif�cult to build an empirical model that can handle making predictions

at any time and location given variable geomagnetic conditions.

1.3 Space Weather

Modeling the ionosphere is a critical component of a robust space weather monitoring

system. Here, I provide an overview of the mechanisms that connect the sun to the Earth's

ionosphere, adapted from [2].
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1.3.1 SolarWind

The sun is constantly emitting a stream of high-speed particles from the corona out into

space. These particles from the solar atmospheric plasma are emitted from coronal holes,

where the magnetic �eld lines from the sun stretch into space, as opposed to forming a

closed loop within the corona. On average, it takes about 4 days for solar wind emitted

from the sun to reach the Earth at 1 AU (1:5 � 108 km). The particles may be emitted at

different speeds, with low speed streams traveling at or below 400 km/s, while high speed

streams travel over 600 km/s. Near Earth, the solar wind appears as a fully ionized plasma

made up of electrons, protons, and� -particles. The solar wind is magnetized, with a near

Earth �eld strength of 5 nT. This magnetic �eld is known as the interplanetary magnetic

�eld (IMF). As the �eld lines originate from the sun, which rotates about its axis with

a 27-day period, the �eld lines spiral outward from the sun, and do not hit the Earth's

magnetosphere radially, but at an angle about 5degoff of radial. The high speeds of the

solar wind make it susceptible to shocks from obstacles in its path. Earth's magnetic �eld

causes one such bow shock, seen in Figure 1.6 as the southward IMF impacts the Earth's

magnetic �eld.

1.3.2 Earth'sMagneticField

Connecting the solar wind to the Earth is the Earth's magnetic �eld. Nominally, the IMF

points northward, or in the same orientation as the Earth's magnetic �eld, which protects

the Earth from direct solar wind impact. However, a coronal hole (or an extreme coronal

mass ejection event) leading to a high speed solar wind component can �ip the direction

of the IMF southwards, as depicted in Figure 1.6. When these opposing magnetic �eld

lines interact, the magnetic �eld lines can break, releasing magnetic energy in the form of

particle energy into Earth's magnetosphere.
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Figure 1.6: Diagram of the interaction between the IMF and the Earth's magnetosphere.
While the magnetosphere protects the Earth from direct solar wind impact under nominal
northward IMF, it does allow the solar wind plasma to enter the Earth's magnetic �eld,
especially near the poles when a coronal hole or coronal mass ejection causes the IMF to
�ip southwards. The plasma can then precipitate into the Earth's ionosphere. Taken from
spaceweatherlive.com.

1.3.3 Impacton Ionosphere

The in�ux of energy into the magnetosphere from the solar wind �eld lines breaking and

reconnecting with Earth's magnetic �eld lines allows magnetospheric electrons to precip-

itate down into the Earth's ionosphere. The whole process of the solar wind coupling to

Earth's magnetic �eld causes a geomagnetic storm, or space weather. The particle precip-

itation causes the atmospheric oxygen and nitrogen in the ionosphere to be energized and

release visible light we know as the aurora, seen near the poles of the Earth. The strength

of the coronal hole/CME's impact on the IMF directly controls how widespread the aurora

appears on Earth, with a strong southward IMF allowing the aurora to be seen far outside

of the Arctic/Antarctic circle. As the ionosphere refracts and re�ects radio waves, satel-

lite systems such as GPS compensate for expected ionospheric conditions to maintain their

accuracy. When a geomagnetic storm disturbs the quiet ionosphere, systems like GPS be-

come less reliable, underscoring the importance of having a storm resilient model of the
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ionosphere.

1.4 Modeling

1.4.1 ExistingIonosphericModels

The International Reference Ionosphere (IRI) is the standard ionospheric model used by

scientists globally [13]. It was created by the Committee on Space Research (COSPAR)

and International Union of Radio Science (URSI) and continues to be updated with a mul-

titude of data sources. The model takes location, time, and date, and can output electron

density, temperature, ion temperature, and ion composition throughout the altitudes of the

ionosphere. One area of ongoing development within the IRI is in the topside ionosphere,

with four options developed to better model this region (IRI-2001, IRI-2001cor, NeQuick,

and COR2). These options were developed using topside sounder data from Alouette and

ISIS satellites. In this dissertation, the IRI 2016 model was used viapyglow , apython

wrapper. No F2 peak density or peak height were speci�ed, so the default URSI maps were

used for NmF2 and the Shubin 2015 model for hmF2. The foF2 storm model was turned

on. The `NeQuick' model was used as the topside modeling option, which models the top-

side electron density as a function of altitude using an Epstein layer function, and it is the

default topside model the 2016 IRI uses [14].

The Empirical Canadian High Arctic Model (E-CHAIM) aims to improve upon the IRI

by focusing modeling efforts solely on the arctic region of the Earth's ionosphere. The

developers of E-CHAIM created a topside model based on improvements to the NeQuick

model used by the IRI. E-CHAIM combines a spherical cap harmonic expansion, a Fourier

expansion, and a function of F10.7 to capture horizontal spatial variability, seasonal vari-

ability, and solar cycle variability, respectively [15]. This combination of functions is �t

four separate times to model the bottomside pro�le,hmF2, NmF2, and the topside pro�le.

We ran the Matlab release version 3.3.1 of E-CHAIM to make electron density predictions.

The model was run insatellite mode, since all of the data used to build, validate,
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and test the NN model was sourced from the DMSP and DEMETER program, with some

data obtained from the COSMIC I radio occultation pro�les. All other options (storm ,

precip , dregion ) remained off for the comparisons made here, as it was found that

model performance was comparable with or without those �ags on.

Another class of ionosphere models are general circulation models (GCMs), which use

physics over a temporal-spatial grid to simulate the connections between the magneto-

sphere, ionosphere, and thermosphere (MIT) with a combination of empirical and physics

based modeling. While there are many GCMs of the MIT system, the three most widely

used models are the Thermosphere Ionosphere Electrodynamics Global Circulation Model

(TIE-GCM), and Coupled Thermosphere Ionosphere Plasmasphere Electrodynamics (CITPe)

model, and the Global Ionosphere Thermosphere Model (GITM). These models include the

underlying chemical reactions, the coupling equations between ion/electron/neutral particle

momentum, energy, and continuity, high-latitude electric �eld/Poynting �ux, and conduc-

tivity to simulate the impact of energy input and output on the ionosphere. E-�elds and

Poynting �uxes are speci�ed by existing empirical models such as the Weimer, Cosgrove,

or AMIE models, while conductivities are obtained from empirical models developed by

Roble/Ridley or Fuller-Rowell/Evans. As these GCMs are driven by empirical models,

they suffer from the same problems as empirical models, meaning they are well suited to

model average ionospheric behavior, but underperform when looking for high resolution

performance during geomagnetic storms. While GCMs do apply some of the fundamental

physics that drives the ionosphere, they make assumptions for the purpose of reducing the

heavy computational demands of these types of models, which ignores the large impacts of

the ignored components on the model output.

1.4.2 MachineLearning

Neural Networks (NNs) are a biologically-inspired tool which uses a highly parallel struc-

ture to learn complex relationships between inputs and outputs. The NN is made up of
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perceptrons, or nodes, which each receive numerical inputs, weight them in different ways,

sum them together, and add on their own bias term. The output of this node can be �ltered

via an activation function and then fed into other nodes. A set of nodes which all receive the

same inputs de�nes a layer of a fully connected NN. With a single node, one may be able to

develop a simple classi�er for linearly separable classes. However, to learn more complex

non-linear relationships, there must be hidden layers of nodes with which either the output

or the input (or both) do not directly interact [16]. In a supervised model, the NN is given

desired input-output pairs, and the weights and biases associated with each node is set to

minimize a cost function over the provided dataset via a process called training. Train-

ing starts with randomized weights assigned to every node and random biases assigned to

every layer. Next, an iterative process is applied where the error on a part of the training

dataset is computed, an optimizer is used to update the weights and biases to reduce the

error on the examined portion of the training dataset, and then the error is computed on

a �xed validation training set to verify if the model is learning, or if it is just over�tting

to the training data. Training can be stopped and the model weights and biases frozen at

any point, but usually it is stopped when the error on the validation dataset stops decreas-

ing. Model parameters and hyperparameters are set via model domain speci�c knowledge,

experimentation, and desired model usage.

1.4.3 ExistingMachineLearningModelsof MIT

Other work using neural networks to model a temporo-spatially varying quantity in the

magnetosphere, ionosphere and/or thermosphere has been done in the past. Here are some

examples of those existing models, as well as a comparison of those models to the models

developed in this dissertation.

A multilayer neural network with nine hidden layers has been applied to predict electron

density in the topside ionosphere and plasmasphere in a combined model using data from

the Hinotori, Akebono, and Arase satellites [17]. The supervised model takes universal
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time from January 1, geographic latitude and longitude, altitude, and the past 5 days of

F10.7 and Ap indices to predict electron density. While the model predicts electron density

at any time and geographical location within altitudes of 500 km to 30000 km, model vali-

dation remains a dif�cult challenge. Out of all of their available data, 99.803% of the data

was used for training leaving only 0.017% for model validation. Designing a model with a

larger set of data from which to validate model performance is crucial to understanding the

usefulness of the model.

An existing technique for topside ionospheric modeling uses 4 different networks to learn

NmF2, HmF2, H0, and dHs/dh [18]. Those networks are trained on inputs similar to the

models presented here, including a mix of global index values and geographical features.

The four parameters are then �t to a linear alpha-Chapman function to create ionospheric

electron density pro�les. The neural network and hybrid neural network/empirical models

instead use a time history of global index values and geographical features to directly pre-

dict ionospheric electron density, and does not impose any additional structure on how the

model learns to predict electron density.

Prior work has been done predicting the global plasma density in the magnetosphere using

a neural network [19]. The model inputs are the prior �ve hours of the Sym-H index (60

values, one every 5 minutes), the L shell, and the sine and cosine of magnetic local time.

Data for training, validation, and testing was obtained from the Time History of Events and

Macroscale Interactions during Substorms (THEMIS) probes. They obtained correlation

coef�cients of 0.94 on training and validation data, and a correlation coef�cient of 0.93

on testing data, performance we emulate in the topside ionosphere using this method. De-

veloping an ionosphere focused model involves identifying important ionospheric drivers,

encoding the behavior of those ionospheric drivers, and tuning the network to obtain the

best possible performance.
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1.5 Contributions

The following contributions to the �eld of Ionospheric modeling are reported in this thesis:

1. I present the �rst machine learning model of the topside ionosphere focused on elec-

tron density above the NmF2 peak. The model leverages the Defense Meteorological

Satellite Program (DMSP) dataset to improve the state of ionospheric modeling, as

the current state of the art models struggle to accurately model these altitudes of the

topside. The model architecture and feature selection process is outlined, and it is

shown that this model can outperform existing empirical models.

2. I present a novel ensemble machine learning and empirical model combination for

the same purpose. This model is shown to be more robust than the standalone ma-

chine learning model or the empirical models individually, and the importance of

each model in the output of the ensemble model is presented using SHAP scores.

3. Finally, I present a study of the correlation between topside electron density and total

electron content, and use the ensemble model topside predictions to improve total

electron content modeling.
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CHAPTER 2

MACHINE LEARNING MODEL OF TOPSIDE IONOSPHERE

2.1 Introduction

The goal of this research is to investigate the application of machine learning to the topside

ionosphere to better capture its variability. In this chapter, I outline the development of

this type of machine learning model, including the choice of ML model type, including the

satellite data available, the input features chosen, the model architecture development, and

the performance of this model compared to the standard ionospheric models.

2.2 Choice of ML Model Type

There are many types of machine learning models, so it is helpful to evaluate the differ-

ent types of machine learning models to select one well suited to the task at hand. The

problem here is as follows. Given inputs that correlate with ionospheric electron density,

any location in the topside ionosphere, and time, we want a model that outputs ionospheric

electron density. The data we have available for this task are primarily from Langmuir

Probes on Low Earth Orbit (LEO) satellites that measure the local ionospheric electron

density once per second along its orbit. Therefore, we have electron density measurements

over different times and locations spanning many latitudes and longitudes at altitudes span-

ning 750-850 km. From this, we know that a supervised training approach is possible, as

we have expected input and output pairs. We know that while this problem has a tem-

poral component, we do not have perfect knowledge of past ionospheric electron density

at all latitude/longitude/altitude triples of interest, so networks that make use of temporal

memory to make a future prediction will not be useful for this task. Finally, the task is a re-

gression task, since electron density values are continuous, not categorical. Then a standard
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feedforward fully connected deep neural network is suited to the task at hand.

2.3 Data

2.3.1 DataAvailability

Three satellite missions were used as data sources for neural network model training and

testing. Detailed information about the data sources are provided in this section.

The Defense Meteorological Satellite Program (DMSP) data was used to train and test the

neural network. DMSP was a set of satellites launched into Low Earth Orbit (LEO) between

the mid-1960s and mid-2010s, and the data provided has been widely validated and used

for modeling purposes [11, 20, 21]. 12 satellites in the program were equipped with a

Special Sensor Ionospheric Plasma Drift/ Scintillation Monitor (SSIES) which consists of a

Langmuir Probe and an ion sensor, the former of which is used to measure electron density.

The satellites have an average of� 11 years of coverage each, or 139 satellite-years total

between 1988 and 2023. The satellites' orbital altitude is centered around 830 km, with

some data collected as high as 880 km and as low as 760 km. As the largest source of

in-situ satellite data for the electron density in the topside, this data was used for neural

network model training, with some data held out for neural network validation and testing.

Although DMSP is a our primary satellite data source, we will also make some use of

data from DEMETER. DEMETER is a French microsatellite mission which started col-

lecting data in 2004 and ended its mission in 2010 [22]. Its primary objective was studying

the potential precursors to earthquakes that might be detected in the ionosphere, although

its scienti�c scope expanded greatly beyond this goal once in went into orbit. This satel-

lite was in Low Earth Orbit, with a nominal altitude of 715 km from orbit entry in 2004

until December 2005 when it was lowered to 660 km. A Langmuir Probe Instrument (ISL)

made of two Langmuir Probes was used to collect electron density data. Data collected by

Langmuir probes is susceptible to contamination from water vapor [23]. The DEMETER

satellite shows signs of such contamination, meaning the absolute electron density mea-
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surements may not be accurate; however, the data still provides realistic information about

the structure and variability of the topside ionosphere [24]. As such, this data was still used

for further model testing.

Constellation Observation System for Meterology, Ionosphere, and Climate (COSMIC)

I radio occultation data is another source of topside electron density data. COSMIC refers

to a set of six satellites launched into an inclined non-sun-synchronous LEO in 2006. Radio

occultation measurements are taken by the satellites by measuring radio transmissions from

Global Navigation Satellite Systems (GNSS) as they refract through Earth's atmosphere.

The differences in refraction of the GNSS L1 and L2 frequencies allow for computation

of total electron content, as well as electron density as a function of altitude at the tangent

point of the occultation path. These derived 1D electron density pro�les capture general

horizontal and vertical ionospheric variability. Therefore, COSMIC I data is also used for

model testing.

2.3.2 Splitting theTrainingData

For the neural network model to be trained while minimizing model over�tting, a validation

dataset and testing dataset need to be chosen. We know that the solar activity is on an 11

year cycle, so for the model to make use of this cycle, at least two cycles worth of data, or 22

consecutive years of data should be used for training the model, and ideally one solar cycle

worth of data is available for model testing. Validation and testing data should not overlap

with the training data, and all should contain a wide range of geomagnetic conditions,

locations, and solar local times to be proper representatives of the model domain. For the

�rst iteration of the neural network model, I split the data temporally. DMSP satellites F08

through F19 provide electron density data over the years 1988 to 2019. The years 1988-

2011 were used for training, while 2012-2016 were used for validation, and 2017-2019

was used for model testing. While this split meant that there was absolutely no temporal

overlap between the DMSP training, validation, and testing datasets, only 3 years of data
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were set aside for model testing, just a fraction of a solar cycle. The training data split

re�ected here was also used for model feature selection. However, the �nal iteration of

the purely neural network model presented in this thesis uses data from 1988 to 2011 from

all DMSP satellites except satellite F16. Validation data for the use of stopping neural

network training early was sourced from 2011 to 2019, again with the exclusion of satellite

F16. Satellite F16 was held out for model testing as it operated from 2003 to 2019, and

therefore provided a full solar cycle worth of data for model testing, while still providing

the model with two full solar cycles of data for training. This split means there is some

temporal overlap between the testing data set and the training dataset, and full temporal

overlap between the validation dataset and the testing dataset, but the satellites by de�nition

were in different locations and therefore provide independent data points.

2.3.3 DataCoverage

Machine learning models are built on data, and as such, the model domain of a supervised

model is primarily dictated by the data upon which it is built. Here, we provide information

on the temporal, spatial, and geomagnetic conditions represented by the datasets used for

model training, validation, and testing. Satellite data with unrealistic electron density val-

ues outside of107 and1013 electrons/m3 or data points missing corresponding IMF, Kp, or

F10.7 values were omitted from model development. The DMSP training dataset contains

24 million points, the validation dataset contains 13 million points, and the testing dataset

contains 8 million points. DMSP data was originally collected once per second per satel-

lite with 12 satellites operational for periods as short as 3 years and as long as 21 years,

and for the purposes of this work, I used data sampled once per minute. The DEMETER

dataset contains 20 million points sampled by a Langmuir probe once per second, and the

COSMIC-I dataset contains 813769 points.

The distribution of electron densities across the datasets is included in Figure 2.1. The

meanlog10(Ne) across each dataset is 10.2, 10.2, 10.1, 10.3, and 10.3 for DMSP train,
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Figure 2.1: Distribution oflog10(Ne) within datasets DMSP train/validation/testing,
DEMETER, and COSMIC-I.

validation, test, DEMETER, and COSMIC-I, respectively. In the DMSP datasets, very few

data have electron densities between1012 and1013, while there are none in that range in the

DEMETER dataset. COSMIC-I has a limited amount of data with electron densities that

high. Overall, the distributions are fairly normal and similar across all datasets.

Figure 2.2: Distribution of Kp within datasets DMSP train/validation/testing, DEMETER,
and COSMIC-I

The distribution of Kp across the datasets is included in Figure 2.2. Kp is an indicator of

current geomagnetic conditions on Earth, taken every 3 hours, so a low Kp indicates quiet

time, while a high Kp (greater than 4) indicates a geomagnetic storm. For a speci�c data

point, the mean Kp for the day leading up to the electron density recording is used, so an

average of 8 Kp values per data point. The mean Kp across each dataset was 1.9, 1.7, 1.6,

2.2, and 1.8 for DMSP train, validation, test, DEMETER, and COSMIC-I, respectively.
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The DMSP validation and COSMIC-I datasets have the lowest maximum Kp represented,

at 6.5, while the other datasets include times when Kp was between 7 and 8.5. Overall, the

distributions are similar across all datasets.

Figure 2.3: Distribution of Month of year within datasets DMSP train/validation/testing,
DEMETER, and COSMIC-I

The distribution of Month-of-year across the datasets is included in Figure 2.3. As

the DMSP and DEMETER datasets cover many years and were collected by satellites that

each operated for multiple years collecting data at a regular frequency, it is unsurprising

that an approximately even amount of data is available per month. COSMIC-I relies on

radio occultations to create electron density pro�les, and the month to month coverage is

not as regular as Langmuir probe measurements made once per second. Additionally, it is

also clear that the COSMIC-I dataset is signi�cantly smaller than the other datasets.

Figure 2.4: Distribution of solar local time within datasets DMSP train/validation/testing,
DEMETER, and COSMIC-I
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The distribution of solar local time across the datasets is included in Figure 2.4. The

DMSP satellites are in sun-synchronous orbits, meaning they observe different portions of

the Earth at similar local times, and evidence of the behavior is seen in the peaks in data

at around 06 and 18 local time. However, this �gure also shows there is enough variation

between satellites and drift from nominal orbit over the lifetimes of the satellites that off-

peak solar local times are covered by the DMSP datasets. The DEMETER satellite operated

in a sun-synchronous for a little over a year from 2004 to 2005, and mostly collected data

at 10 and 22 local time. The COSMIC-I satellites are a constellation of 6 satellites also

in sun-synchronous orbits with local time peaks around 6 and 18, but they also experience

enough drift that all local times are covered.

Figure 2.5: Distribution of magnetic latitude within datasets DMSP train/validation/testing,
DEMETER, and COSMIC-I

Finally, the distribution of magnetic latitude across the datasets is included in Figure

2.5. Magnetic latitudes from 75� S to 75� N are relatively evenly covered across all datasets,

with fewer data points available over the polar caps, which is to be expected given the orbits

of the satellites involved in data collection. The neural network based models do ingest a

signi�cant amount of data from polar magnetic latitudes.
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Table 2.1: Possible explanatory variables for neural network model input.

Index Units Typical
Values

De�nition Measurement

F10.7 10� 22 W
m2Hz

= 1 solar
�ux unit
(s.f.u.)

about 50 -
300 s.f.u.

solar radio �ux
at 10.7 cm (2800
MHz), emitted
from sun's chromo-
sphere/corona

1x/day from Earth's
surface in any
weather

Lyman-
�

W=m2 about 6 �
10� 3 � 11�
10� 3W=m2

solar irradiance at
121 nm, corresponds
to the energy transi-
tion from n=2 to n=1
in a hydrogen atom,
emitted from sun's
chromosphere

1x/day from empir-
ical model built on
satellite data, from
LASP @ CU Boul-
der

R – 0-11 weighted average
of many solar ob-
servers counting
groups of spots and
spots

1x/day observed
and computed, from
Royal Observatory
of Belgium

IMF nT about 2-15
nT

average interplane-
tary magnetic �eld

1x/day averaged
over time from
satellites stationed
at L1 (e.g. ACE,
WIND)

Kp – 0-10 average of K index
(variation in hori-
zontal component
of Earth's B-�eld)
measurements

1x/3hours averaged
over 13 midlatitude,
ground based geo-
magnetic observato-
ries

DST nT -30 - 10 nT disturbance storm
time, strength of
globally symmet-
rical equatorial
electrojet (ring
currents) around
Earth

1x/hour derived
from scaling of low-
latitude horizontal
magnetic varia-
tion, from Kyoto
Observatory

Sym-H nT -30 - 10 nT symmetric dipole
aligned disturbances
around Earth (DST
with higher time
resolution)

1x/minute derived
from measurements
at multiple ground
based geomagnetic
observatories
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2.4 Feature Selection

2.4.1 IndexFeatures

Index features encode both the time and the geomagnetic conditions leading up to and

including the point of time we want to make an electron density prediction. One part of

feature selection was determining which indices are the strongest indicators of electron

density in the topside ionosphere. The considered index candidates are listed in Table

2.1, including their typical values, de�nition, and how they are measured or computed.

Additionally, indices used had to be mostly continuously available from 1988 to the present,

with reason to believe they would continue to be recorded into the future. The indices

studied all represent some portion of the sun to Earth system. F10.7, Lyman-� , and sunspot

number R encode data directly from the sun. All three indices are periodic over 22 years,

corresponding to the sun's magnetic �eld �ipping its orientation and returning to where

it started. The IMF, or average interplanetary magnetic �eld measurement is taken at the

L1 point between the Earth and the Sun, which is the point in space where the pull from

the Earth's gravitational �eld and the sun's gravitational �eld are equal and opposite, so a

satellite can remain stationary relative to the Earth-sun system with low fuel consumption.

The L1 point is about1:5 � 106 km from Earth, so magnetic �eld measurements taken

here are indicative of future perturbations of Earth's magnetic �eld measured from the

ground. Finally, Kp, DST, and Sym-H are all measures of the Earth's magnetic �eld from

midlatitude ground-based geomagnetic observatories, indicating current conditions at the

surface of Earth.

Each index feature is represented by anywhere from 7 to 24 features, as one value per

day of the week, or one value per hour per day, or one value every three hours per day.

In order to start the index feature selection process, 7 models were trained on 22 years of

DMSP data (1988-2011), with the index features listed in Table 2.1, all possible location

features indicated in the Location section of this text, and an architecture corresponding to

28



Figure 2.6. The 7 models were then validated using DMSP data from 2012-2016, and the

index corresponding to the model with the best performance was saved, and 6 models were

trained including that index and the remaining 6 indices. Performance on the validation

dataset was again used to pick the surviving model/indices. This process was repeated until

performance on the validation set stopped improving. The �nal indices that remained were

the past week of F10.7, past day of average IMF, and the past day of 3 hour Kp.

2.4.2 Location

The goal is to create a model that can predict electron density in the topside given any loca-

tion within the topside and indicators of current and past geomagnetic conditions. Then the

location needs to be an input to the neural network, but there are some choices in how ex-

actly the location is encoded within this model. A latitude, longitude, and altitude uniquely

identi�es a location in the model domain. However, other forms of location encoding may

provide better insight into topside ionosphere electron density, ultimately reducing the com-

plexity and training time required by the network. Essentially, we wanted to pre-engineer

the location feature inputs to be the most useful to electron density prediction, even if this

means some inputs may be directly computed from other inputs. The location features

considered were geographic latitude, geographic longitude, altitude, magnetic local time,

magnetic latitude, solar azimuth angle, L shell, and sun elevation (zenith) angle in degrees.

The sine and cosine was used in the place of any quantity that has a discontinuity, like

longitude which can jump from 359 degrees back to 0 degrees despite being next to each

other spatially, so some quantities require two features to be fully represented.

2.5 Model Architecture

The initial architecture chosen was modeled off of the architecture described in [19], and is

featured in Figure 2.6. In order to improve and better characterize the initial neural network,

I modi�ed the network architecture. In particular, I adopted an aspect of the neural network
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Figure 2.6: This is the original neural network architecture. The neural network takes a
total of 47 inputs. These inputs are 8 location features, which are magnetic local time (sine
and cosine), geographic latitude, geographic longitude (sine and cosine), altitude, magnetic
latitude, and solar zenith angle, and 39 index features, which are the past 7 days of the F10.7
index, the past day of 3-hour Kp index (8 features), and the past 24 hours of average IMF
measurements. These inputs pass through 2 fully connected hidden layers, with 20 and 10
nodes. Sigmoid activation functions are used between all of the layers, and a �nal linear
layer is applied before producing the electron density prediction.

presented by [25], in which the number of nodes from layer to layer �rst increases and then

decreases toward the output. Such a structure is useful when some features correlate with

each other [25]. The new architecture is re�ected in Figure 2.7, where the �rst hidden layer

consists of more nodes than the number of inputs.

2.5.1 HyperparameterSearch

A fully connected neural network has many parameters and hyperparameters to set, includ-

ing the number and size of layers, the activation function between layers, the batch size,

and the exact implementation of early stopping and other model validation techniques. Af-

ter the 47 input features were set, different designs were tested to choose the strongest

performing model. The number of hidden layers was varied between 2 or 3 layers, and the

layer sizes ranged from a maximum size of 70 to a minimum size of 10. The activation

functions tested were ReLu, Sigmoid, and Tanh. Batch sizes were varied between 10, 20,

35, 65, and 120. A grid search through all possible combinations of architectures, activa-
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Figure 2.7: Model architecture. The neural network takes a total of 47 inputs. These inputs
are 8 location features, which are magnetic local time (sine and cosine), geographic latitude,
geographic longitude (sine and cosine), altitude, magnetic latitude, and solar zenith angle,
and 39 index features, which are the past 7 days of the F10.7 index, the past day of 3-
hour Kp index (8 features), and the past 24 hours of average IMF measurements. These
inputs pass through 3 fully connected hidden layers, with 57, 37, and 10 nodes. Sigmoid
activation functions are used between all of the layers, and a �nal linear layer is applied
before producing the electron density prediction.

tion functions, and batch sizes was performed, and the ultimate architecture chosen scored

the highest coef�cient of determination on the DMSP validation dataset. Early stopping

was used such that if model performance on the validation data set did not improve for 15

epochs of training, model training was stopped.

2.6 Model Performance

Here, I present a comparison of the NN model performance to that of the IRI model. I

compare the models using summary statistics, speci�cally the coef�cient of determination

R2, and the explained varianceEV score. I then make more detailed comparisons by

creating �gures that bin the models' mean absolute error by a feature of interest, like Kp or

magnetic latitude, which allows for analysis of model performance in different parts of the

model domain such as calm versus storm geomagnetic conditions.
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2.6.1 Metrics

To measure accuracy, we use the coef�cient of determinationR2 computed by the Python

packagesklearn.metrics function r2_score . This function uses the following

formula to computeR2, given the true (dataset) values and the predicted (model) values:

R2 = 1 �
P N

i =1 (yi � ŷi )2

P N
i =1 (yi � �y)2

WhereN is the number of points in the dataset,yi is thei th true log10(Ne) value from

the dataset,̂yi is the model predictedlog10(Ne) value for the conditions associated with the

i th data point, and�y is the mean model predictedlog10(Ne) value for predictions made on

this dataset. Since the relationship between the dataset (true) values and the model (pre-

dicted) values may not be linear,R2 may be negative. A negativeR2 indicates that simply

predicting�y, the mean value of the dataset would outperform the model.

To measure precision, we use the explained VarianceEV , computed bysklearn.metrics.

explained_variance_score , which uses the following formula to compute EV:

EV = 1 �
Var(y � ŷ)

Var(y)

If the variance in the error between the dataset and modelled electron density is 0, then

the model has achieved a perfectEV score of 1. As the error variance increases, theEV

score drops. The variance of the error between the dataset and the modelled electron density

can be greater than the variance of the dataset, so negativeEV scores are possible. Table

2.2 provides coef�cient of determination (R2) and Explained Variance (EV) scores across

the datasets. The latter three datasets (DMSP Test, DEMETER, and COSMIC-I) provide

performance metrics on data the neural network model never encountered in training.
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Table 2.2: Model performance metrics for the IRI, and neural network. DMSP training
data is from 1988 to 2011 and excludes data from satellite F16, DMSP validation data is
from 2012 to 2019 and excludes data from satellite F16. DMSP testing data is from 2003
to 2019 and is sourced solely from satellite F16. DEMETER data is from July 2004 to
December 2005. COSMIC-I data is based on radio occultation pro�les from 2014 to 2020.
The better performing model statistic is bolded.

Dataset: DMSP Train DMSP Val DMSP Test DEMETER COSMIC-I
Model: R2 EV R2 EV R2 EV R2 EV R2 EV

IRI 0.66 0.66 0.62 0.62 0.55 0.55 -0.08 0.48 0.47 0.48
NN 0.81 0.82 0.79 0.80 0.79 0.79 0.21 0.22 0.25 0.27

Figure 2.8: Mean absolute error obtained by IRI model and pure NN model across the
datasets, binned by Kp.

Figure 2.9: DMSP Training data histogram binned by Kp on the x-axis andlog10(Ne) on
the y-axis. As Kp increases, the averagelog10(Ne) increases.
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2.6.2 By Kp

Figure 2.8 depicts mean absolute errors binned by the average Kp value over the day prior

to the prediction. The NN performs somewhat better than the IRI across the DMSP and

DEMETER datasets. When considering performance across Kp values, we �nd higher

absolute errors as Kp increases in Figure 2.8. Keeping in mind that the DEMETER dataset

comes from 2004 - 2005, a time of elevated solar activity, we examine Figure 2.8 and

�nd that for the NN, as Kp increases, the absolute error obtained by the NN increases less

than the increase seen from the IRI topside models across the DMSP datasets. On the

DEMETER dataset, the NN outperforms the IRI across the whole dataset. Note that higher

values of electron density are expected when the Kp index is elevated [26], and seen in

Figure 2.9, so the absolute errors will increase even if the model performs just as well at

higher Kp compared to lower Kp. In order to examine this effect, I created Figure 2.10,

which plots mean absolute percentage error as a function of Kp across the same datasets.

We see the NN and IRI do not take as large of a performance hit at elevated Kp when

the error is viewed as a percentage; for the IRI on DMSP data the percentage errors stay

between 75 and 175, while for the NN they stay between 50 and 200.

Figure 2.10: Mean percentage error obtained by IRI model and pure NN model across the
datasets, binned by Kp.
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Figure 2.11: Mean absolute error obtained by IRI model and pure NN model across the
datasets, binned by month of year.

2.6.3 By Month

Figure 2.11 plots mean absolute error of the IRI, and NN across months of the year. The

highest absolute errors across the IRI and the new NN occurs in April and November,

corresponding to northern hemisphere spring and southern hemisphere spring, respectively.

Across the DMSP and DEMETER datasets, the NN outperforms the IRI across all months,

by anywhere from2:5 � 109 e� /m3 up to2 � 1010 e� /m3.

2.6.4 By SolarLocalTime

Figure 2.12: Mean percentage error obtained by IRI model and pure NN model across the
datasets, binned by solar local time.

Comparisons across solar local time allow for isolation of performance issues across

the time of day relative to the sun. In Figure 2.12, we observe higher error between 15:00-
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18:00 in each of the three full DMSP datasets when low and mid latitude data is considered.

The elevated error around sunset in part corresponds to increased ionospheric variability as

veri�ed in the DMSP datasets. The NN performs slightly better than the IRI, maintaining

a lower mean absolute error between2:5 � 109 e� /m3 down to no error difference between

the two models across the DMSP datasets. The NN performs better than the IRI on the

DMSP datasets, but the IRI outperforms the NN on the DEMETER dataset across SLT. We

note that the DEMETER dataset is extremely limited in solar local time coverage, and we

conclude that across solar local time, the NN performs better than to equivalent to the IRI.

2.6.5 By MagneticLatitude

Figure 2.13: Mean percentage error obtained by IRI model and pure NN model across the
datasets, binned by magnetic latitude.

Figure 2.13 depicts absolute errors binned by magnetic latitude. The new NN per-

forms slightly better than the IRI across the DMSP datasets, and signi�cantly better on the

DEMETER dataset. Essentially, the NN is able to achieve comparable performance on the

DMSP test dataset and the DEMETER dataset, while the IRI tends to perform worse on the

DEMETER dataset compared to the DMSP dataset.

2.7 Discussion

In this chapter, I present the development and performance of a purely machine learning

based model of the topside ionosphere, and conclude that a neural network using a time
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history of global indices trained on satellite data is a viable way to model and improve

current modeling of the topside ionosphere. I show improvement over the IRI on the DMSP

and DEMETER test datasets, with worse performance obtained on the COSMIC-I dataset.

I remark that the COSMIC-I topside dataset was constructed using the highest altitude

point collected by the Integrated GPS Occultation Receiver (IGOR) onboard COSMIC-I

satellites that was then processed into radio occultation pro�les as outlined in 1.2.2, while

the neural network was trained entirely on in-situ data collected by Langmuir probes, which

may explain degraded neural network performance on that dataset. A more robust version

of this neural network may ingest topside electron density measurements from a variety

of sources, as opposed to relying solely on in-situ Langmuir probe based measurements.

Modeling topside electron density is dif�cult near the poles and at elevated geomagnetic

conditions, so it is of critical interest to validate the performance of the NN versus the

IRI in these scenarios. Currently, the default topside model in the IRI is the NeQuick

model. Earlier works outline performance against data sourced from Alouette and ISIS

topside sounders, as well as the CHAMP, GRACE, and C/NOFS satellite programs [27, 28,

15]. However, only C/NOFS overlapped in altitude coverage with DMSP and DEMETER.

NeQuick struggles to correctly reproduce high altitude electron densities in the Equatorial

Ionization Anomaly [27, 28]. The NeQuick model also underestimates electron densities

at high latitudes and elevated solar activity on DMSP data from satellites F13 and F15

[29]. Our �ndings are in agreement with these previous works, as across the DMSP and

COSMIC-I datasets, we observe higher absolute error in the IRI model between magnetic

latitudes� 15°N with lower error between 15-60 °N and S, with a smaller error peak at

the poles, while on DEMETER, there is a prominent peak in error in the midlatitude range

and no small peak at the poles. The NN performs similarly or better than the IRI across

the DMSP datasets, and performs signi�cantly better than the IRI at midlatitudes when

tested on the DEMETER dataset, with lower absolute errors by2 � 1010 e� /m3, but on the

COSMIC-I dataset, the NN performs worse at midlatitudes and equivalent to slightly better
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than the IRI at the poles. We �nd that the NN outperforms the IRI except near the poles in

the DEMETER dataset and midlatitudes in the COSMIC-I dataset.
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CHAPTER 3

STACKED GENERALIZATION TO BLEND MACHINE LEARNING AND

EMPIRICAL MODELS

3.1 Introduction

In this chapter, I motivate the use of stacked generalization for the problem of topside

electron density modeling by presenting individual model performance, present the stacked

generalization architecture used to combine the models and the performance results of those

models, and �nally provide information about the relative importance of models within the

combination models by using Shapley values.

3.2 Motivation

Before using stacked generalization to blend different model types, I investigate the value

of combining their outputs by comparing their individual performances. In the previous

chapter, I provided neural network performance compared to the IRI. Here, I provide fur-

ther comparison to the ECHAIM model, which was developed for modeling the Arctic

latitudes.

3.2.1 IndividualModelPerformance

Keeping in mind that the DEMETER dataset comes from 2004 - 2005, a time of elevated

solar activity, we examine Figure 3.1 and �nd that E-CHAIM outperforms the IRI from

Kp 0 - 3 on DMSP data, and 0 - 2 on DEMETER data. While all models generally have

increased error as Kp grows, the increase in error from the E-CHAIM model overtakes the

increase seen from the IRI. At Kp of 6 on the DMSP validation dataset and the DEMETER

dataset sees the E-CHAIM absolute error is approximately double the IRI absolute error,
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Figure 3.1: Mean absolute error obtained by IRI model, pure NN model, and ECHAIM
across the datasets restricted to high magnetic latitude, binned by Kp.

from about1010 e� /m3 up to 2 � 1010 e� /m3. With increasing Kp, the absolute error

obtained by the NN increases less than the increase seen from both the E-CHAIM and IRI

topside models across the DMSP datasets. On the DEMETER dataset, the IRI outperforms

the NN from Kp between 4 through 6 with lower MAE by5� 109 e� /m3, and E-CHAIM for

Kp greater than 1. On the COSMIC-I dataset, E-CHAIM performs better than the IRI and

NN at low Kp, but as Kp increases, IRI and NN performance changes only slightly while

E-CHAIM performance worsens. Since higher Kp values generally correspond to higher

electron densities (Figure 2.9), we also provide the mean absolute errors as a percentage

of the true value in Figure 3.2. We see the all three models actually perform better, by

percentage, at elevated Kp, based on DMSP data. E-CHAIM, however, has higher mean

percentage error by> 50% across Kp values. Using DEMETER data as a validation, E-

CHAIM produces high percentage errors on the high Kp data, and also does not do as well

when using COSMIC-I data for validation.

Figure 3.3 shows the absolute error by month. We observe a modest peak in E-CHAIM

absolute error corresponding to northern hemisphere springtime across the DMSP datasets,

a signi�cant peak in error at the same time across the DEMETER dataset, and a mod-

est peak at springtime and falltime for the COSMIC-I dataset. Comparing to the IRI,

E-CHAIM outperforms the IRI from January through September with lower MAEs by as

much as5� 109 e� /m3, and slightly underperforms from October through December on the

DMSP datasets. On the DEMETER dataset, the IRI signi�cantly outperforms E-CHAIM
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