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ABSTRACT

The subject of this project is the process of solar images used to forecast possible developments of
Coronal Mass Ejections (CMEs). CMEs are energetic events originating from the Sun leading to
disturbances of the magnetic field of the Earth, named geomagnetic storms. These storms can
then produce several disastrous effects to satellites, electrical devices and grid networks.

This thesis aims to contribute in the development of a functional Artificial Intelligence (A.I.)
model used to forecast CME events. These events are categorized in the LASCO and CACTUS
catalogs. The reason why A.I. models are used is the lack of separately positioned satellites
providing data, for the creation of a fully functioning physics based model.

To attain its main objective, this project has been divided in three major components.

First, an extensive data cleaning procedure was implemented. SDO data is downloaded, sorted
and organized to be used as input for the A.I. model LASCO and CACTUS CME catalogs where
enhanced to be used as output of the model.

Second, a Convolution Neural Network (CNN) was designed to process the enhanced data,
showing promising results. In specific, an accuracy of 76.6% in the prediction of the CMEs as
described in CACTUS catalog was obtained. A similar CNN model was applied to distinguish
between halo and non-halo CMEs as shown in LASCO catalog. Its accuracy reached a peak of
83.5%. Feature selection of the model was carefully done from a wide range of observations, that
included different wavelengths, resolution etc. For the training of the CNN and for the image
processing, I implemented HPC techniques using the Flemish Supercomputer Centre (VSC).

Third, a new processing tool, written in python, was implemented to recover SDO solar images
and generate "History Maps" that contain, in a 3D matrix, information about the Suns temporal
and spatial evolution.

These three components show that a smart use of the available data from the SDO satellite
in combination with artificial intelligence algorithms, like CNNs, can be used to forecast CME
emergence on the solar corona.






GENERAL PUBLIC SUMMARY

The constant flow of particles ejected from the Sun is at the origin of the Northern Lights,
one of the most fascinating natural phenomena on Earth. However, it can also endanger our
technological infrastructure and the health of astronauts and airline passengers.

In this project, a new modern approach, called machine learning is used. Machine learning is
a computational technique used to find patterns and correlations among large data collections.
The goal of this work is to find a connection between the activity of the lower layers of the solar
atmosphere, and the observations of plasma ejections on the solar corona.

This approach has several steps, of which the most time-consuming is the creation, cleaning
and organization of the data that the computer will use to train its code. This step is done by
processing data from the SDO satellite of NASA/ESA.

The second step is the implementation of the machine learning model. The model was able
to predict 76.6 % of the phenomena that originated from the Sun. Later, it was also used to
identify potentially hazardous Earth-directed energetic events. The result was again promising,
distinguishing between events that are directed to Earth and events that do not with a 83.5 %
success rate.

Finally, a program was created and discussed. This tool creates new data that may be useful
for similar forecasting tries. The tool follows the rotation of the Sun in order to catch energetic
phenomena that form in different areas. The idea behind this approach is to assist the machine
learning model in finding the energetic events with greater ease.
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OVERVIEW & STRUCTURE OF THESIS

nergetic activity on the Sun influences space missions, satellites, airplanes, electri-
cal/electronic devices and grid networks. As a result, there is a strong need for accurate
predictions of solar activity to implement effective safety measurements and prevent a
major economic loss. The ability to predict the effects of solar energetic events on the Earth’s
environment has always been of great interest to scientists of various disciplines. Several research
groups work for many years in order to provide a satisfactory prediction model to avoid these
disasters. This work is motivated from this effort and tries to contribute in the development of

heliospheric prediction modeling.

Overview of the Project

In this project, an investigation of a solar energetic phenomenon called "Coronal Mass Ejection"
(CME) is being conducted. The goal of this project is to work towards the creation of an artificial
intelligence model capable of providing accurate results predicting when the phenomena of CME
is going to happen and with what characteristics. The reason why A.I. models are used is the lack
of separately positioned satellites providing data, for the creation of a fully functioning physics

based model.

The work of this project can be separated into three components. The first is the data cleaning
of SDO measurements and the enhancement of CME associated catalogs (LASCO/CACTUS).
After this procedure, an implementation of the SDO data as input and of the catalogs as output
is being done in a Machine learning model. This resulted in a fairly significant and promising
result. The third and final component, the central development in this work, is the creation of a
new Pre-processing tool. This tool uses a model of the differential rotation of the Sun and creates
a new kind of solar data that is called "History Maps" (HM). This work closes with the hope that,
research in the future will combine the obtained tool and implement it in a similar forecasting

model to hopefully derive even more fascinating results.

This master thesis work is a significant part of the project that is now developed into the AIDA
H2020 (www.aida-space.eu) project funded by the European Commission (EC).
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Structure of Thesis

The first chapter is an introduction to solar physics and space weather, which consists of the
physical Problem that is challenged. The second chapter introduces the Tool that is used in the
present project, describing the basic concepts of machine learning and neural networks. Finally,
the Analysis section, in the third chapter, presents all the computational work that was done for
this project. At the end of the report, appendices with information regarding space physics, space

weather and code implementation can be found.

The structure of this report follows the diagram shown in Fig. 1.

Thesis
Diagram

Theoretical Part

Computational Part

Chapter 2
Machine Learning & --f------------3 > Appendix C
Artificial Intelligence

Appendix A
. A 4 A 4
Chapter 1 Chapter 3
,‘, Solar Physics & Implementation &
Space Weather Analysis
Appendix B
Chapter 3
Results &
Conclusions

Figure 1: Schematic of Thesis’ structure



TABLE OF CONTENTS

Abbreviations - Acronyms

H Acronyms Definitions H
ANN Artificial Neural Network
Al Artificial Intelligence
API Application Programming Interface
CACTUS Computer Aided CME Tracking
CME Coronal Mass Ejection
CNN Convolution Neural Network
CR Cosmic Ray/Radiation
DL Deep Learning
GCR Galactic Cosmic Rays
GD Gradient Descent
GIC Geomagnetically Induced Current
GOES Geostationary Operational Environmental Satellite
GS Geomagnetic Storm
HPC High Performance Computing
ICME Interplanetary Coronal Mass Ejection
FWO Fonds Wetenschappelijk Onderzoek
ISS International Space Station
LASCO Large Angle Spectrometric Chronograph
LEO Low - Earth Orbit
LSTM Long Short Term Memory
MC Magnetic Cloud
MHD Magnetohydrodynamics
ML Machine Learning
MSE Mean Squared Error
NN Neural Network
NOAA National Oceanic and Atmospheric Administration
RNN Recurrent Neural Network
SDO Solar Dynamics Observatory
SEB Single Event Burnout
SEL Single Event Latch up
SEP Solar Energetic Particle
SEU Single Event Upset
SLP Single Layer Perceptron
SOHO Solar and Heliospheric Observatory
SPE Solar Proton Event
SREM Standard Radiation Environment Monitor
STEREO Solar Terrestrial Relations Observatory
SVM Support Vector Machine
SW Solar Wind
VSC Vlaams Supercomputing Centrum
VSO Virtual Solar Observatory

Table 1: Acronyms that are used throughout the Thesis






CHAPTER

SOLAR PHYSICS & SPACE WEATHER

pace weather is a branch of space and solar physics where multiple topics, including
astrophysics, physics, computer science and aerospace engineering are employed. In this
chapter, the reader will be introduced to the basic concepts of space weather and solar

physics.

1.1 Introduction

The Sun (Fig.2) is the closest star to Earth and the main source of energy that sustains life on
this planet. It is a main sequence star of G2V spectral type and it contains roughly 99.9 % of the

solar system mass. The basic characteristics of the Sun are presented in Table 2.

Characteristic Value ‘
Mean distance to Earth 150- 106 [km]
Radius 696 -10° [km]
Mass 2-10%3 [gr]
Luminosity 3.82-10%3 [erg/s]
Composition 74% H, 25% He, 1% Others

Table 2: Basic characteristics of the Sun

1.2 Energetic Phenomena of the Sun

The Sun has a very complex structure. Energetic activity that manifest in the Photosphere or the
Corona manifest also in other layers of the Sun. Sunspots and granulations can be correlated

to Coronal Mass Ejections (CMEs) and solar flares. However, in this report I do not describe
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SDO/AlA - 304 2013-05-14 01:44:56 UT

Figure 2: The Sun as seen by SDO/AIA at 15/5/2013 01:44 for wavelength A = 304[A]. Figure
courtesy: NASA/SDO/jhelioviewer.

every phenomenon in detail. The reader can refer to Table 3 for the basic properties of these

phenomena.

1.2.1 Solar Cycle

"Solar Cycle" (SC) is the periodic 11-year change in the Sun’s activity (radiation, solar wind

enhancement, magnetic field etc.) and appearance (sunspots, solar flares, CMEs etc.)

Solar maximum refers to the period in which the maximum number of sunspots is observed
and solar minimum is when the sunspot number is at its minimum. A cycle last from one
solar minimum to the next. Although the period is around 11 years, in the past there have been
periods with different duration. This has been caused by unknown reasons that affected vastly
the activity of the Sun (Fig.3).

Glasstone et al. (1997) [46] showed that energetic phenomena correlate well with the 11 year
solar cycle. During the solar maximum, more activity is observed compared to the solar minimum.

Several phenomena are associated with solar cycle periodicity.

6



1.2.

ENERGETIC PHENOMENA OF THE SUN

‘ Phenomenon ‘ Characteristics ‘ Description ‘
¢ ~ 15 [min] Inhomogeneity of the .magne'tlc field of
Faculae B ~ 800 [Gauss] the Photosphere, active region at the
- photosphere of the Sun
t=1-100[days] Inhomogeneity of magnetic field, lower
Sunspots d =~ 10374 [km] temperature, also visible in the Chro-
B =~ 103 [Gauss] mosphere
Fil f i f i
Prominence L=10"2lkml | eve a sunspot parr and
Filaments D ~10%*[km] P . g potp
extending up to the Corona
ic field li igi f
Dark areas on the Open magnetic field lines, origins o
Coronal holes of several space weather phenomena
Corona .
such as the fast solar wind.

Table 3: Short summary of phenomena that happen when the Sun is active. ¢ shows duration, d

diameter, L length, B magnetic Field and D depth

400 Years of Sunspot Observations

| ¢« . Maunder
« ¢ Minimum
1.5 % %
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Figure 3: Sunspot number versus time. This figure summarizes sunspot number observations
since 1749. Figure courtesy of Dr. Robert A. Rohde (robert@globalwarmingart.com).

In specific:

1. The number, the area and the position of Sunspots. (Fig.3 & Fig.4)

2. The number, the area, the position and the morphology of coronal holes.

3. The frequency and the energy output of energetic activity. (Solar flares, CMEs etc.)

At the beginning of each cycle, sunspots appear around mid-latitudes and slowly move closer to

the equator of the Sun until the cycle ends and a new one begins. This pattern is called "The

Butterfly Diagram" (Fig.4), first discovered by Richard Christopher Carrington! and improved by

Gustav Sporer? [103].

1English Astronomer [1826 - 1875]
2German Astronomer [1822 - 1895]
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SUNSPOT AREA IN EQUAL AREA LATITUDE STRIPS (% OF STRIP AREA) H>0.0% B>01% [0>1.0%
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Figure 4: The Butterfly diagram shown in latitude against time plot. Figure courtesy of NASA
Marshall Space Flight Center.

The SC is attributed to the rotation of the magnetic field of the Sun, which is explained by
Babcock’s theory (Appendix A) [6]. Scientists suspect that other phenomena such as tidal forces

may have a significant impact on the existence and the variation of the solar cycle [113].

1.2.2 Solar wind

The Solar Wind (SW) is a stream of charged particles in plasma state, originating from the Sun’s
Corona. It consists mainly of electrons, protons and alpha particles 3. The SW can be thought as
the outflow of material from high pressure to low pressure. Its analogy with winds of Earth that
blow from high to low pressure is the origin of its name [82]. The Interplanetary Magnetic Field
(IMF) is being dragged along with the outflow, which follows the rotation of the sun [89].

There is a strong correlation between certain characteristics of the SW (speed, energy, composition)
and solar cycle. The SW properties change during a solar cycle but also varies from one cycle to
the next [79].

1.2.2.1 Fast Solar Wind

Fast wind is known to originate from Coronal holes. These regions show a darker intensity
in X-ray images, due to plasma density being substantially lower (< 50%) than the plasma
in surrounding regions [128]. These are regions where magnetic field lines are open, and the

surrounding plasma can rapidly swipe to regions of space with significantly lower pressure.
Basic characteristics of fast SW can be seen in Table 4. Fig.5 shows measurements describing its
development during solar minimum and maximum.

1.2.2.2 Slow Solar Wind

Slow solar wind mainly originates from Sun’s equator [5]. During solar minimum, slow SW

mainly originates at latitudes 0° — 35°, during solar maximum, slow SW is also coming from the

3 Also called "doubly ionized helium nuclei" He ™2
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poles [40]. The slow SW is much denser than the fast SW and holds a more complex structure

with extensive regions of turbulence [31].

Basic characteristics of slow SW can be seen in Table 4. Fig.5 shows measurements describing its

development during solar minimum and maximum.

Characteristic ‘ Slow Wind ‘ Fast Wind ’
Flow speed (v,) 250 —400- 108 [km/s] | 400 —800- 108 [km/s]
Proton density () 10.7 [em 2] 3.0 [cm 2]
Proton temperature (T') 3.4-104[K] 2.3-10°[K]
Total energy flux density | 1.55[erg-cd 2-s71] 1.43[erg-cd2-s71]
Main sources Streamer belt Coronal hole

Table 4: Basic characteristics of the SW during solar minimum as observed at 1 AU. Data obtained
from Schwenn, (2001) [107].

SWOOPS 1000

Speed [km 5'1]

Outward IMF

Inward IMF

Figure 5: [Left]: During solar minimum fast SW originates from the poles filling 2/3 of the
heliosphere and holding an average speed of 750 [km/s]. Whereas, Solar wind from the Sun’s
equatorial zone travels at 350 [km/s]. [Right]: During solar maximum, the solar wind is experi-
encing turbulence and irregularities, making slow and fast SW almost indistinguishable. Figure
courtesy of ESA, Ulysses 4.

1.2.3 Solar flares & CMEs

The two most relevant events for space weather are solar flares and CMEs.

4http://sci.esa.int/ulysses/
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1.2.3.1 Solar Flares

Solar flares are a rapid increase in Sun’s brightness especially in the X-ray band. They are usually

accompanied by CMEs, and their median energy output is roughly ~ 102° [J] [68].

Two types of classification models of solar flares can be seen in Table 5. GOES classification is the
one that is currently used while the second is considered obsolete. An example of a solar flare, as

captured by the Solar Dynamics Observatory (SDO) in multiple wavelengths, can be seen in Fig.6.

GOES Class \ Flux on (1-8A) \ Ha Class ‘ Ha Surface ‘

X10 1073 [Wm?] 4 24.7 [deg?]
X 1074 [Wm™?] 3 12.4 [deg?]
M 107° [Wm™?] 2 5.1 [deg?]
C 1075 [Wm™2] 1 2.0 [deg?]
B 1077 [Wm™2] S <2.0 [deg?]
A <1077 [Wm™?] S <2.0 [deg?]

Table 5: Solar flare classification based on GOES X-ray measurements and on Ha surface.

Syrovatskii, (1972) [115] separated solar flares, from an energetic point of view, in three distinct

phases:

¢ Initial phase. Before the impulsive release of energy, there is an accumulation of energy in
the active region. An increase of the magnetic field and in temperature can be observed.

¢ Explosive phase. Lasts about 1 minute and can be seen throughout all wavelengths.

* Recovery phase. Takes roughly 30 minutes, temperature is decreasing and X-ray radiation

is also gradually declining.

1.2.3.2 Coronal Mass Ejection (CME)

Coronal Mass Ejections were first observed back in 1971 by R.Tousey [565]. Dayeh (2015) defines
CMEs as an extremely energetic solar phenomenon that can be described as extensive structure
of magnetized plasma which propagates away from the Sun into space, driven by magnetic
forces [32]. They originate from the Sun’s active and filament regions [50]. An example of a CME
observed by the Solar and Heliospheric Observatory (SOHO) is shown in Fig.7.

The basic characteristics of a standard CME are the following [57]:

* M=10"1""[Kkg]

* v =400- 1000 [km/s] (Extremes: 20 — 3200 [km/s])

e F <1/day (solar minimum), F' =4 —5/day (solar maximum)
* Transit time = 13 [h] - 86 [days]

10
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1600 A 304 A VAW 335 A 94 A 131 A

Figure 6: Image taken from SDO, showing an X-class flare in different wavelengths (2014/2/24
19:49). Figure courtesy: NASA/SDO 5.

When referring to CMEs that can reach the Earth and are detected through in-situ measurements,
researches use the term Interplanetary CME (ICME). These events can be geoeffective by
injecting energy into the inner magnetosphere environment of the planet [85]. The main difference
between CMEs and ICMES is the location and the method they are observed. CMEs are detected
directly, and are related to a specific solar eruption. Howard (2011) [57] states on the other hand,

that ICMEs are observed when they have already achieved a substantial distance from the Sun.

Other important subcategories of CMEs are Magnetic Clouds (MC) and halo CMEs. Magnetic
Clouds are defined as magnetic structures in which an enhanced strength and a smooth rotation
of the magnetic field vector can be observed, while proton temperature is decreasing [19]. Halo
CMEs, as shown in Fig.8, propagate in the direction of the Earth, following the Sun-Earth line.
They are observed with coronagraphs and since they are moving towards the Earth, it is essential
to study and detect them [75].

A list of the CME events can be found in the literature [20]. These list were originally compiled
by visual inspection of each image from different coronagraphs, including the Large Angle Spec-
trometric Chronograph (LASCO)7 [18]. More recently, there has been progress to autonomously
detect CMEs in image sequence from LASCO. The result of this process can be found in the

Shttps://www.nasa.gov/content/first-moments-of-a-solar-flare-in-different-wavelengths-of-1light
6http ://sci.esa.int/soho/
"List available at https://cdaw.gsfc.nasa.gov/CME_list/

11
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/

07:24 UT 03/15/2013 07:36 UT 03/15/2013 08:00 UT 03/15/2013

Figure 7: Images of the Sun showing a Coronal Mass Ejection (CME) on 15/3/2013. This type of
image is called a coronagraph, where a disk is placed over the Sun to achieve better visualization
of Sun’s Corona. Figure Courtesy: ESA & NASA SOHO.

"Computer Aided CME Tracking" (CACTUS) 8 database, introduced by Robbrecht and Berghmans
in 2014 [98].

The main characteristics of these catalogs are the starting time (¢¢), the principal angle (6), the

angular width (D) and the velocity (v).
Traditionally, CMEs are categorized in two classes according to data from LASCO [4] :

¢ Gradual CME: not correlated with solar flares, V ~ 400 — 600 [km/s], developing acceleration
towards the coronagraph.
¢ Explosive CME: correlated with solar flares, V > 700 [km/s], decelerating as they travel

towards the coronagraph.

Due to flares and CMEs, energetic particles can achieve high velocities as they travel towards

the Earth. But how much time do these particles take to arrive to Earth? One can calculate the

8http://sidc.oma.be/cactus/

12
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2015/06/21 03:12 : 2015/06/21 03:12

Figure 8: Images of the Sun showing a halo CME on 20/6/2015. This can be seen more clearly in
the right-hand image, called a difference image, which is created by subtracting two consecutive
frames. Figure Courtesy: ESA & NASA SOHO 6.

time photons take to propagate to Earth as following:
(1.1) t=—

Where, D =1[AU]~1.5x10" [m] and u = 3x 108 [m/s]. As a result, the time it takes for a photon
is:
ty =500 [secl]

For ions (protons and electrons), the following can be obtained:

mc2

For an electron with energy of 10 [KeV] and a proton of 10 [MeV] one can find that:
tpr =42[min]
te- =57[min]
The mean propagation time for a CME depends on its mean velocity, given, vcyme = 1000 [km/s] is:

tcme ~2[days]

This value is not absolute, since the actual velocity of a CME varies a lot from one event to
another (13 [h] - 86 [days]) [57].

13
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1.2.3.3 Relationship between CME and Solar Flares

Solar flares and CMEs are well correlated with each other; however, there is no causality between
them. A statistical analysis by Youssef et al. (2012), showed that from 1996 to 2010 there have
been 12.433 CMEs and 22.688 solar flares as seen by SOHO. Their analysis concluded that,
there are cases where solar flares occur and there is no associated CME [127]. On the other
hand, CMEs without a flare is also a possibility and has been studied by many researchers like
MacQueen and Fisher in 1983 [77].

Both solar flares and CMEs are the result of extensive magnetic activity in the Sun. Solar flares
are local events that happen in the surface of the sun, whereas, CMEs are much more extensive
ejection that occur in Sun’s corona. Many models of flare-associated CMEs are based on magnetic
reconnection models. An introduction to magnetic reconnection is presented in Appendix A. In
reconnection models, as described by Yashiro et al. (2008), a flare develops just below an erupting
filament which in the end becomes the center of a Coronal Mass Ejection [126]. An example of

such a flare associated CME is shown on Fig.9.

®,

C2: 2005/07/14 10:54  EIT: 2005/07/14 10:48

Figure 9: A Flare associated CME observed by SOHO, LASCO. @1 3 indicates the positional
angles %of the edges of the main CME. An arrow is also pointing to the location of the associated
flare. Figure Courtesy: ESA & NASA SOHO & Yashiro et al. (2008) [126].

9Position angle [°] is measured counterclockwise starting from north
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1.2. ENERGETIC PHENOMENA OF THE SUN

In Appendix A, the reader can find a list with some models that explain how solar flares and
CMESs may be created.

1.2.3.4 Solar Energetic Particles (SEPs)

Reames (2013) [96], describes Solar Energetic Particles (SEPs) as energetic ions and electrons

found in the SW that have energies from the suprathermal regime (~ 10 [KeV]) up to tens of GeV.

Kallernode (2003) [63] proposed a simple model for classifying SEP events. He showed that
SEPs can be either accelerated at the solar flare sites via the release of magnetic energy (flare-
associated impulsive events) or by the Inter Planetary (IP)-driven shock waves in the corona
and in the IP medium via diffusive acceleration (CME-associated gradual events). This offers
another classification of solar flares depending on how they act on SEPS (Table 6). If another
separation based on the abundance of 2He/*He is included, a more complex and accurate model

which consists of 3 SEP categories can be derived as described in Table 7.

Flare Characteristic Impulsive ] Gradual ‘
Duration in soft X-rays < 1[h] > 1[h]
Height in corona < 10%[km] ~5 x 10*[km]
Volume 1025 - 10%"[em®] | 1028 - 10%°[cm®]
Energy density High low
Coronal Mass Ejection Rare Always

Table 6: Classes of solar flares based on how they affect SEPS [63].

‘ SEP Characteristic 3He-rich Impulsive \ Gradual \
Particles Electron rich | Electron rich | Proton rich
SHe/*He ~1 ~0.2 ~0.0005

H/He ~10 ~10 ~100
Duration Hours Hours-days Days
CMEs No Sometimes Yes
Event rate ~1000/y >10/y ~10/y

Table 7: Classes of SEPs and their characteristics [63].

A more recent and extensive work in 2015 by Kim et al. [65], categorized 42 SPEs!? that were
observed in 1997 - 2012, in four different groups based on possible acceleration mechanisms that

resulted in the observed characteristics.

10 Most of the times, in literature, the terms SPE (Solar Particle Event) and SEP (Solar Energetic Particle) are
identical
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1.3 Geomagnetic storms

All the previously mentioned events can manifest on the Earth’s plasma environment. We call

these manifestations "geomagnetic storms".

The plasma environment around the Earth affected by its magnetic field is called "The Mag-
netosphere" and the term was first mentioned by T. Gold in 1959 [74]. Its exact shape and
characteristic is heavily influenced by the solar wind. The term Geomagnetic Storm (GS) refers
to the disturbance of the Earth’s magnetosphere due to its interaction with the solar wind [80].
Eruptions of plasma carrying the magnetic field from the Sun (CMEs) are at the origin of these
storms. In a GS the magnetic field’s disturbance is caused by an enhancement of the ring current
caused by magnetic reconnection (More information can be found in Appendix A) at various
places of the magnetosphere such as the magnetopause and the magnetotail. The structure of the

magnetosphere is shown in Fig.10

Solar Wind

Current Plasma Mantle

Tail Lobe

Ef;u"?} -

Magnetosheath

Figure 10: Interaction of solar wind with Earth’s magnetosphere. Indications are made for the
occurrence of the ring current and other areas of the Magnetosphere. Figure Courtesy & more
information regarding the figure: Chih-Ping Wang 1.

Magnetic reconnection is a process where the topology of the magnetic field changes due to
non-ideal (in a Magneto-Hydro Dynamical (MHD) sense) diffusive interactions in the plasma
[101]. An important consequence of this magnetic phenomena is the fact that solar particles can
enter the Earth’s inner magnetosphere. As described by Gonzalez et al. (1994), during magnetic

reconnection particles transform magnetic energy into kinetic energy [47].

Uyttp://people.atmos.ucla.edu/cat/
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1.3. GEOMAGNETIC STORMS

Since the SW particles are injected into the magnetosphere, the majority are trapped by the
planet’s magnetic field. The magnetic field lines are closing on the poles, so particles make a
"bounce” motion towards the equator. This phenomenon is occurring due to the conservation of
the magnetic moment. More information on the motion that is called "magnetic mirror" can be
found in the Appendix. A (Fig.11). Daglis et al. (1999), [29] showed that due to their charge and
drift forces caused by their gyroradius, electrons will travel to the east and protons to the west.
This phenomenon results in a ring current that generates a magnetic field opposing the Earth’s

and therefore, effectively weakening it.

TRAJECTORY OF
TRAPPED PARTICLE

MAGNETIC FIELD LINE

Figure 11: Trapped energetic particles and their movement inside the magnetosphere of the
Earth. Their drift motion and the bounce that occurs in the mirror point can be visualized. Figure
Courtesy: Adolph Jursa et al. [62].

The difference between the perturbed and unperturbed magnetic field is measured using the
Dst index. The Dst is zero when the magnetic field of the Earth is undisturbed. The disturbance
produces a negative value of the Dst, showing the "weakening" of the magnetic field. The value of
Dst along with its pattern (sharpness, duration, etc.) provide a profile for the geomagnetic storm
[28].

For the categorization and the research of geomagnetic storms, there are many additional indexes
used, such as, the PC (Polar Cap) index and the indexes of k and kp, both openly available
through NOAA websites!2.

Geomagnetic storms are usually characterized by their intensity and the phases that they go
through. Table 8 shows the standard classification based on the storm’s intensity. An example of

a storm profile and its classification as shown with the Dst index can be seen in Fig.12.

We can roughly divide the storm into three phases: initial, main and recovery [48]:

12National Oceanic and Atmospheric Administration, https://www.swpc.noaa.gov/
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CHAPTER 1. SOLAR PHYSICS & SPACE WEATHER

’ Storm strengthl Dst [nT] ‘

Quiet >-50
Moderate [-50,-100]
Intense [-100,-250]

Super-storm <-200

Table 8: Classification of different geomagnetic storms according to the Dst index as proposed by
Gonazelez et al. (1999) [48].

* The initial phase lasts in the order of minutes and is not always present in a storm. It consists
of a sudden increase of Dst by roughly 20— 50 [nT'].

* The main phase is defined as the decrease of Dst. It depends on the intensity of the storm and
can generally last between 1 and 8 hours.

* The last phase is the gradual recovery of the Dst back to zero value, and can take up to a week.

Example 30-Day Dst Plot for the 2003 Halloween Storm

Atmospheric and Environmental Research Storm Classification by Shaded Regions

(nT)

Nl cte gy b
I e
qme‘f"fﬁ miid s tdrm \-,I,:-‘ W
100 moderate 5tarm lM

intensea stprm
200
300

super storm
-400

500
5 7 10 13 16 19 22 25 28 311 3

Figure 12: An example of geomagnetic storm characterization and classification using the Dst
index. This storm in particular is known as "The 2003 Halloween super storm". Figure Courtesy:
AER (Atmospheric and Environmental Research) 13,

A superposed epoch analysis by Hutchinson et al. (2011) [58] using the SYM-H index'* showed
clearly the general phases and the characteristics of the storms at different strengths. These

phases can be seen in Fig.13.

There is no correlation between the initial phase duration and the storm size. The duration of
the main phase of the storm decreases with the increase of the storm size. Intense storms are

associated with enhancements of the solar wind. Hutchinson et al. (2011), [58] proposed that

1Byttp://www.aer.com/science-research/space/space-weather/space-weather-index
14The Symmetric (SYM) Disturbance Index - 1min resolution, is essentially the same as the Dst, but it uses 1
minute values from different sets of stations and a different coordinate system.
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1.4. EFFECTS OF SPACE WEATHER

20

Initial phase

Main ph
" fr\\ ain phase

Dst (nT)
N
S
1

Recovery phase

h storm peak (Dst = -88 nT)

Movember 2003

Figure 13: An example of the phases of a geomagnetic storm as shown by the Dst measurement.
Figure courtesy of Echer et al. (2011) [36].

the main phase duration increases with the storm size until the corresponding recovery rate
maximizes; after this point, solar wind enhancements are so intense that they force the main

phase to its minimum at a faster rate.

1.4 Effects of Space Weather

Probably the most spectacular effect of space weather are the auroras at the North and the
South pole of the Earth. They are caused by the injection of high energetic particles at the poles,
following the magnetic field lines. However, space weather related phenomena can be dangerous

to humans and technology in space and on Earth [7].

Space weather effects, include catastrophic problems in infrastructures (e.g. Electric grid net-
work), destruction of satellite equipment and an increase of the cost of aviation in certain areas

due to an increase of radiation from particles of the SW [17].

More information on these topics, explaining in details the effect of space weather phenomena

can be found in Appendix B.
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CHAPTER

MACHINE LEARNING & ARTIFICIAL INTELLIGENCE

rtificial Intelligence is a computer science technique where, a computer system is capable

of performing tasks that were traditionally believed to require human intelligence.

Examples of such tasks are visual perception, speech recognition, decision-making, and
translation between languages. Under the umbrella term of A.I. there are many fields that are
going to be described in this chapter, such as Machine Learning (ML), Neural Networks (NN)
and Deep Learning (DL).

2.1 Introduction

A visualization of the differences between the previously mentioned terms is shown in Fig.14.
Artificial Intelligence is a broad field that includes philosophical as well as computational aspects,
describing how a computer program may sense, act and adapt to various circumstances similarly
to Humans. On the other hand, machine learning refers to the computer science part of A.I. in
which by utilizing statistics methods, a computer algorithm can improve its performance using
historical data without being specifically programmed [105]. Deep learning describes a specific
ML technique. This technique implements Neural Networks that use enormous amount of data

trying to imitate the way humans acquire knowledge.

2.1.1 Classification & Regression

When machine learning is used for prediction tasks, problems are separated into two broad

categories. Classification (qualitative) and Regression (quantitative) problems.
In classification problems, a prediction of discrete number of values is attempted. The out-
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ARTIFICIAL
INTELLIGENCE

A computer program
that can sense, act and

adapt

MACHINE
LEARNING

Algorithm improving as
exposed to more data

DEEP LEARNING

Multilayer Neural
Network learn from
enormous amount of

data

Figure 14: Visualization of A.I. and its main subcategories.

put variable takes class labels (e.g. a € [0,1] € A"). When there are two classes, we call the

classification "binary". When there are more we describe it as "multiclass" classification.

In regression problems, a prediction of continuous values is attempted. Therefore, the output

variable takes values of non-infinitesimal gap (e.g. a € %).

The differences between the two types of problems can be seen in Fig.15. In this figure there are

two examples.

In Fig.15 [Left], a binary classification problem in which the model finds the boundary between
"Healthy" and "Unhealthy" genes is presented. Fig.15 [Right] shows a regression problem where
the output is a continuous value. In this case the amount of survival years for the patient that

has a specific gene.

2.2 Neural Networks & Deep Learning

2.2.1 Neurons & Activation Functions

Historically, research in biological neurons stimulated the creation and the development of
Artificial Neural Networks (ANN).
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Classification

Regression

= Model _| = Model
4 @ Disease ® Patients
® Healthy
® i
. o 4
N o
J ) o
ﬁ " '. ° \>:
c ° oln
O ) o
O ° o >
o ® ® b
® =}
wn
i o ©
LY

Gerlwe 1 IGene 1

Figure 15: [Left]: Example of a classification problem as represented in a graph [Right]: Example

of a regression problem as represented in a graph. Figure courtesy: Alexandre Drouin !.

Assuming a very simplistic model of the human brain, different neurons can be activated de-
pending on a signal received from other neurons. Through the learning process the activation
threshold and the synaptic weights of the neurons change. As a result, new connections are made

among the brain’s neuron, and we are capable of learning new information.

According to this idea, Artificial Neural Networks (ANNs) develop functions that work in a similar
way, activating the neurons of a network depending on the input signal. The similarities between
the concept of biological and artificial neurons can be seen in Fig.16. The initial idea of the
perceptron (artificial neuron) goes back to 1943, when it was introduced by Warren McCulloch?
and Walter Pitts 3 [78].

2.2.2 Single Layer Perceptron (SLP)

A Single Layer Perceptron (SLP) with one node is shown in Fig.17. This structure is called a
Rosenblatt’s perceptron and was first introduced in 1957 by Frank Rosenblatt 4 [100]. A SLP
contains a node with a value and is connected to n inputs with weights w; € {w1,..., w,}. The
output value of the node of the SLP is:

a=f(2)

! https://aldro6l.github.io/microbiome-summer-school-2017/sections/basics/
2American neurophysiologist (1898 - 1969)

3 American logician (1923 - 1969)

4American psychologist (1928 - 1971)
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Where,
n

2.1) z= Z wpxp+b
k=1

Where, b is a constant named "bias", f is the activation function, x is the input data and « is the

output.
o wo
—_—Q
axon from a neuron g
WoTo
impulses carried
toward cell body
branches cell body Y wii+b
dendrites T

Zw,-a:i +b
i

output axon

activation
function

j axon

nucleus terminals

\ impulses carried
away from cell body

Figure 16: [Left]: Representation of a biological neuron. [Right]: Mathematical model of an
artificial neuron. Figure Courtesy: Isaac Changhau °.

2.2.3 Weights, Biases and Activation Functions

Weights and biases are the learnable parameters of the SLP. The values of these parameters
are randomly initialized. The activation function produces the output of a specific node given an
input [49].

Weights: are numbers showing how active the synapse between 2 neurons is. If w; = 0 it would
mean that this input would not affect the output. On the other hand, a w; > 1 would mean that

the specific input is dominating and is almost fully responsible for the resulted output.

Biases: to understand biases, it is useful to think of the simple yet vital definition of a straight

line.
(2.2) y=wx+b

In the equation of a line, b allows to shift the crossing point of the line over the coordinate axis.
In a similar sense, bias in neural networks allows to shift the activation function and therefore

increasing the region of possible outputs that originate from one input.

Activation functions: Returning to the analogy of biological neurons, an activation function is

ideally acting like a switch, to indicate whether a neuron is active or not. In the case of a sigmoid

5 https://isaacchanghau.github.io/post/activation_functions/
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Biases

Input —= Output

Figure 17: A Single Layer Perceptron (SLP). In this example, there are n inputs that are summed
with their weights w;, and a bias term b. The result of the sum named z is put through an
activation function f to produce an output value a.

function (Fig.18 [Left]):
e* 1

e*+1 l1+e ™

fx) =

The output may be between 0 and 1. Therefore, it can be easily seen that this function can be
used in classifications problems since it provides a "yes or no" answer. For a regression problem a
continuous value derived from the input must be found. In that case, a linear activation function

(Fig.18 [Right]) is preferred, providing a continuous value according to the given input.

Some of the most advanced activation functions that provide the best results so far are shown in
Table 9 and visualized in Fig.19.
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1.0 1 10.0
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Figure 18: Basic activation functions used in NNs. [Left]: A sigmoid function - classification
problems and [Right]: A linear function - regression problems

E-swish and other well-known activations

—— Swish/E-swish (1)

54 —— E-swish (1.5)
—— E-swish {2)
— Relu

41— Softplus
—— Elu

34 Leaky Relu

Figure 19: E-Swish with f = 1.5 and f = 2 compared with other commonly used activation
functions. Figure Courtesy: Eric Alcaide, (2018) [3].
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Name

Equation

Description

Rectified linear unit (ReLU)

f(x) =x" = max(0,x)

Introduced in 2000 by Hahnloser and
Seung, based on a direct link between
biological neurons and their mathemat-
ical modeling inspired its creation [51].
After its first demonstration in 2011, it
became the standard method for deep
learning due to its superior results.

Leaky ReLU

Compared to ReLu, Leaky ReLu can
have a small, positive value (a €
[0.001 — 1]) when the node is inactive.

Parametric ReLU (PReLU)

X ifx>0
(x) =
f { ax Otherwise
X ifx>0
(x)=
f { ax Otherwise

Parametric ReLU (PReLU) is an ad-
vanced form of Leaky ReLU in which
the small positive value « is actually a
learnable parameter.

Exponential Linear Units
(ELUs)

f(x):{x ifx >0

a(e®*—1) Otherwise

A relatively new (2016) activation func-
tion, which decreases the computa-
tional time of learning in deep neural
networks and achieved amazing classi-
fication accuracies. In research, ELUs
appear to have significantly better per-
formance than ReLUs and LReLUs on
networks with more than 5 layers [23].

Swish

f(x) = x-sigmoid(fBx)

Swish (2017) is basically a modification
of the sigmoid function. § is a constant
or trainable parameter [94]. If f =1
Swish is equivalent to the Sigmoid-
weighted Linear Unit that was pro-
posed for reinforcement learning [38].

E-Swish

f(x) = xB - sigmoid(x)

A generalization of Swish (2018). Ex-
perimentally it has been shown that a

great choice of the parameter f might
be 1< <23l

Table 9: Advanced activation functions & their characteristics

27




CHAPTER 2. MACHINE LEARNING & ARTIFICIAL INTELLIGENCE

2.2.4 Multi layer Perceptron (MLP)

It is possible to combine SLPs by stacking them in a single layer and by using the output of
one perceptron as an input of the next. The resulting structure is named Multilayer Perceptron
(MLP). All the layers between the input and the output are called "hidden" layers.

To discuss Neural Networks a simple case of an MLP is going to be introduced as shown in
Fig.20. More complex models follow the same rules but they tend to be too complex and limit any
visualization capability. In the present case, the input a; along with the weights w;; and the bias
b are connecting the input layer with the hidden. This connection forms an activation signal for
the hidden layer:

(2.3) zj=bj+) aiwij

el
This signal is then passed through the activation function of the hidden layer g; leaving the
hidden layer as a new signal a;. Similarly, a; is multiplied with the weights that connect the
hidden layer with the output, w;; and finally, a bias term b, is added. Once again, the signal
that arrives passes through the activation function of the output layer, g5 and a final signal aj, is

created.

ag

Figure 20: A Multi Layer Perceptron. In this example there is just one hidden layer and a single
output.
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2.2.5 Loss Function

The structure of the neural network and the production of output based on the given input has
already been introduced. In order to measure the accuracy of the model, a function called cost
function (Also called "Loss function" and "objective function") E is used. The loss function takes
the average difference of all the results of the hypothesis function and the desired output #; that
ideally should be derived. For the example shown in Fig.20, the desired output is named ¢, and

the difference between the two can be calculated as [104]:

1
(2.4) E=2 3 (ar- t)?
keK

The goal of the model is to minimize the cost function E. This is accomplished using a training
procedure. During this procedure the model is adjusted using historical examples provided by
the user in order to derive the optimal parameters. The adjustment is being done by using a set

of values for the input and the desired output that we call "data".

2.2.6 Data, Input & Output
2.2.6.1 Normalization

All the data that are used in NN models, should undergo normalization (Feature scaling) in order
for the result to be optimal. There are several reasons why this process is essential for a machine

learning code to work:

1. Different inputs might be in different scales.
2. Normalized data are affected more effectively by activation functions.
3. Ioffe and Szegedy in 2015 [59] showed that the training process, which is developed in the

next section, works much faster when normalization is applied.

Regarding the different scaling, if the input has different range of values, the determination of
the error will be biased towards the quantities that have the wider range and therefore, can reach
higher absolute values. This phenomenon can be visualized in the data provided in Table 10. In
that case, two different physical parameters measured by ACE spacecraft are a different scale.

Without a normalization, there will be a bias on the neural network towards temperature values.

Normalization of data is vital because by definition the activation functions are more "active" on
normalized data. Normalized data are centered around zero and so are the functions that are

being used. A visualization of that phenomenon is shown in Fig.21.

29



CHAPTER 2. MACHINE LEARNING & ARTIFICIAL INTELLIGENCE

Temperature [K] | Density [N/cm?] ‘

94347 13.7
86954 16.8
77863 174

Table 10: Example of data showing hour average values of temperature and density of the SW as
measured by ACE during 1/1/2018. Data obtained from OMNIWeb site: https://omniweb.gsfc.
nasa.gov/form/dx1.html

Most Active Region

1.0 { — Example of Normalized Data
—— Example of Denormalized Data
—— Sigmoid Activation Function

0.8 1

0.6

0.4 4

0.2

0.0

-10.0 -7.5 -5.0 -2.5 0.0 2.5 5.0 7.5 10.0

Figure 21: Normalized and de-normalized example of data plotted against a Sigmoid activation
function. Special indication has been made to the region where the activation function is changing
faster.

Some standard normalization methods are:

(2.5) Rescaling: x' = xX— Inln(g.c)
max(x) — min(x)

(2.6) Mean normalization: x’ = x— meanfx)
max(x) — min(x)

@7 Standardization: x' = x —mean(x)

g

where, x' is the normalized value, x is the original value and ¢ is the standard deviation.

2.2.6.2 Train, Validation & Test Set

Dataset is generally separated in three distinct sets.
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Training set is the data provided to the model in order to learn and therefore, adjust its

parameters (weights, biases etc.) in order to accurately predict the output [97].

Test set is a part of the dataset, independent of the training set. It is used to test the model in
data that were not introduced in the training process and therefore can show how well the model

behaves when provided with new data [14].

Validation is a separate data set that is used to tune the architecture of the NN and find its

optimal form [14].

Traditionally, the original dataset is divided into training, test and validation set by taking 60%,
20% and 20% of the total data, respectively. However, the distribution of data among these sets
can influence the testing and modeling potential [109]. In practice, the percentage of each set

usually depends on the problem and the availability of data.

2.2.7 Training Process - Backpropagation

The weights and biases of the NN, when presented with data, are adjusted to predict correct
output in such a way that the error/loss function is minimized. The method that allows the
training of the NN and the determination of the optimal parameters is called "Backpropagation”

or "Gradient Descent".

The idea behind backpropagation is that the learning algorithm will change the weights of the

synapses to improve its prediction accuracy.

The rule for changing the weights during the back-propagation is given by the Newton-Raphson
6 jterative method. In practice, it is a root-finding algorithm that is using Taylor expansion on
a function f(x). The process is repeated until an approximate root (x,,) of the function is found.

The process can be described as [121]:

f'(xn)

(2-8) Xn+l1=%Xp— Q@

Where, « is called "learning rate". In practice, @ a small constant value a@ € [0.001 — 0.1] initially
provided by the user. The gradient descent algorithm takes its name from the fact that, at
each Newton iteration, the change in the weights of the neuron is given by the gradient of the
cost function E multiplied by a constant factor a [104]. A visualization of how gradient descent

algorithm works is shown in Fig.22.

The factor a, known as the learning parameter, represents the length of the step taken every time

towards the direction of the steepest descent. Careful attention has to be put on the choice of the

6Named after Isaac Newton [1642 - 1727] and Joseph Raphson [1648 - 1715].
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Figure 22: Visualization of the gradient descent algorithm. To minimize the error E(W), the
weights need to be changed to values where the error is resides in global minimum. Weight
change in the opposite direction of the gradient %. Edited version of Figure Courtesy: https:
//rasbt.github.io/mlxtend/user_guide/general_concepts/gradient-optimization/

learning parameter. A small value would result in a small step, which might increase the training
time drastically. A big step would accelerate the training of the model, but it might overshoot the

minimum and start to "climb up" the cost function and thus fail to converge (Fig.23).

The value of « is typically in the range of 0.001 and 10 and the choice depends on the problem. It
is considered easier to find an optimal value through trial and error. Automatic adaptation of this
step can also be implemented. The learning rate is essentially the fraction of the vector that is
going to be moved in space in order to change the NN’s parameters (weight/biases). Having a
variable or adaptive learning rate can greatly increase the performance of the neural network

while decreasing the computation time [49].

Before explaining how the training procedure is being done mathematically, a formal definition

of the notation that is going to be used should be stated:

* z;is the input to the node j for layer /.

* g;is the activation function for the node j again at layer / which is applied to z;.

* a; = gj(z;)is the output of the activation function for the same node and layer.

* w;; are the weights connecting the node i of the layer / — 1 to the node j of the next layer.
* b; is the bias term for node j that resides in the layer /

® {1 is the desired output of the output layer for the node 2

"https://towardsdatascience.com/gradient-descent-in-a-nutshell-eaf8c18212f0
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Big learning rate Small learning rate

Figure 23: Visualization different learning parameter (a). On the [Left] we can see what may
happen if we have a very large «, compared to a scenario shown on the [Right] where although
converging, the procedure takes a very long time. Figure courtesy: Niklas Donge ’

For E given by equation 2.4, if we consider only 1 training element, for the output layer as shown
in Fig.20:

(2.9)

oF 1 0
= ak—tk)2=(ak—tk)a (ap—tp)

ow i, 0wjk2 hek A
For the above expression, the chain rule is used and the summation term disappears because it is
derived for a specific weight. The derivative regarding ¢} is zero since it is not a function of w
and from the introduced notation aj;, = g(z1), one can derive:

O ( tr)
=\ap —
0w, ko ow i,

ar

(2.10) =(ar —tg)

0
B 8gr(zr)

0
= —t ! R
(ap k)gk(zk)a ijk

However, z;, = by, +% ;g (zj)w,; and as a result, the above can be re-written:

OE
ow jp,

(2.11) =(ap—tr)g)(z1)a;

Therefore, the gradient of the loss function for the output layer has three terms. The first is the
difference between the output of the NN and the desired value ¢;. The second is the derivative of
the activation function that is used in the output layer and the third is the output of the hidden

layer node j. For simplicity, we define:
(2.12) 8, =(ar—tr)g),(z1)
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Therefore, equation 2.11 can be rewritten as:

OE
ow i,

(2.13) =0ra j
In this case J}, is it the error "signal” of the NN . Therefore, equation 2.13 may be interpreted
as the contribution of every weight w;, to the error signal. The output weights are then to be

updated as:

o0E
awjk

(2.14) Wik — Wjp—«
Where, a is the learning rate we introduced in the previous sections.

This error is propagated back to the input layer by projecting 65 through the activation function
gj to derive the error signal §;. This process continues until we reach the input layer at which

the reconfiguration the weights is conducted.

The biases terms are also changing during this process in a similar way:

0 0
2.15 —=z2r=—1b (zj))| =1
(2.15) 3b: = by | 04 872D
And as a result,

OE
(2.16) @(ak—tk)g}e(zk)-(l)zék

Moving to the hidden layer, there are a few more calculations to be done. However, the basic

principle remains the same. In specific,

oE 1
3.2 Y (ap-t)?
(2.17) 1j keK 5
=) (ap—tp) ar
hek Ow;j

Which by using a; = g(z1) can be written as:

gr(zp)
ow;; e ow; ;
(2.18) Yo ke Y

0
=) (ar—tp)g,(zR)—2
keK k oy
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At this point, we need to expand z; and write it as :

2k =bk+Zajwjk
J

(2.19) =bp+)_g(z)win
j
= bk +Zgj(b,- +Zaiwij)wjk
Jj i

Therefore, one can calculate:

0z, 0z Oa;

0w, j B 0a j 0w
0 Oa
= ajajwjkﬁij
Oa
= wjkm
(2.20) _08;(z))

:w k
7 0w, j
0z ;

=w;rg'(z j)gjj

0
= wjkg;-(Zj)Wij(bi +zi:aiwij)

/
=w;rg(zj)a;

And by using that result in equation 2.18, one can derive:

oE
ows; = keZK(ak — gy (2rwjrg(z))a;
— o /
(2.21) _gj(zj)ai Z(ak_tk)gk(zk)wjk

keK
=a;g(z)) ) Srwjr
keK
As expected, the gradient term for the hidden layer as a similar form to the one calculated for the

output layer. Using the same definitions and notation as the output layer calculations, it can be
shown that:

OE
Y =aig;-(2j) Z 5kwjk
(2.22) Wij keK

=dja;
Where,

5j :g;-(Zj) Z 6kwjk
keK
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Finally, similarly to the output layer, the bias terms can be calculated for the hidden layers as:

0z, 0z;

ol ()
ob; = LU]ng(ZJ)abi
0
(2.23) :wjkg;(zj)ﬁ(bi +Zaiwij)
i i
= w;rg(2;)(1)
Providing a final result of:
OE
(2.24) ——g(2)) ) Sxw;r =0,
0b; keK

To wrap up, the computations that are done during backpropagation can be summarized by the

following steps:

1. Calculating the signal from input to output layer

2. Calculating the error by comparing the prediction a; to the output #,

3. Back-propagating the error signal in previous layers

4. Calculating % based on the backpropagated error signal.

5. Updating the parameters (W, §) using the calculated gradients as w — w — a% .

2.2.8 Methods of Gradient Descent

There are several ways to implement Gradient Descent (GD). The most commonly used are: batch,

stochastic and mini-batch methods.

Batch GD uses all the data for one update of the weights & biases. As a result, it can be slow

and may have problems with large databases that can not be kept in memory.

Stochastic GD performs an update of parameters for each example of input & output that is

given. As a result, this method performs many updates in a short time but with a high uncertainty.

Mini-Batch GD lies somewhere in between the previous two methods. It performs an update for
small subsets of the dataset and therefore, reduces the variance compared to stochastic GD and

reduces the memory use compared to batch-gradient descent.

Usually the choice of the backpropagation method falls under the term "optimizer". Optimizers

are algorithms that try to use the gradient descent method in the most efficient way.

Generally, the best choice for the optimizer depends on the problem. A more extensive analysis of

optimizers can be found in the overview paper of Sebastian Ruder (2016) [102].
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2.2.9 Overfitting & Undefitting

Overfitting happens when the model has too many degrees of freedom and fits too well the
training set to the expense of generalization. This problem can occur when the amount of features
(elements of the input vectors) is too high compared to the amount of data. In practice, the model
is "trained too well" to be realistic. The model is storing all the training examples in the NN
weights, creating an internal representation of each specific example and therefore failing in the
testing data that the NN has not seen before.

Underfitting, describes a model that does not accurately represent the training data nor gener-

alize to any new data provided because it has too few degrees of freedom.

A visualization of the described problems can be seen in Fig.24

A A A

v
v
v

Underfit "Right" Overfit

Figure 24: [Left]: underfit situation, [Middle]: well-behaved model representation. [Right]:
overfit situation.

Underfiting is not usually a big issue since it can be easily solved by using more features. On the
other hand, overfiting can be problematic in machine learning algorithms. The solution to overfit
is usually constraining the degrees of freedom. This can be done with several methods. To name
a few, having a better architecture on the network, increasing the amount of data or decreasing

the amount of neurons [49].

The methods to avoid overfiting are categorized under the term "regularization techniques" that

are summarized in the following subsection.

2.2.10 Regularization Techniques

Traditionally there have been several regularization techniques, namely called "L1 Lasso Regres-
sion" and "L2 - Ridge Regression" but their principle is similar. The idea is to introduce a penalty

term to the error function that allows the code to minimize the relevance of particular weights of
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the cost function preventing them from dominating the result. In this section, an analysis of the
three most popular indirect methods of regularization is presented. These methods are named

"dropout" "dropconnect” and "batch normalization" [112].

Dropout is a technique where a randomly selected subset of neurons has their activation set to
zero. During the training process, a different set of neurons is randomly chosen. This method
prevents co-adaptation, and therefore, allows neurons to detect features that are more helpful
to produce a general answer. Dropout is shown to provide significant improvements on several

benchmark tasks and is used in several state of the art [52].

Dropconnect is a generalization of the dropout method. Although it is based on the same
principle, this time it is the weights of each neuron that are set to zero and not the node itself. It
is considered a generalization because it produces more possible scenarios, since there are, in

principle, more connections than nodes within a neural network [119].

A visualization of the dropout and dropconnect methods compared to a non-regularized network

is shown in Fig. 25.

No-Drop Network DropOut Network DropConnect Network

Figure 25: Illustration of dropout and dropconnect neural net model. Simplistic representation of
original Figure Courtesy: Li Wan et al. (2013) [119].

A recent indirect regularization technique that provide amazing results is Batch Normalization
introduced by Ioffe et al. (2015) [59]. This method is based on making normalization a component
of the neural network’s architecture and carrying it out for every mini-batch of the training

procedure [59].

2.2.11 Hyper-parameters

In most neural network architectures, the following hyperparameters have to be set:
1. Learning parameter a.

2. Activation function g.

3. Number of iterations (batch size & number of epochs).

4. Number of layers.
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5. Number of nodes.

6. Regularization techniques (e.g. dropout & dropconnect).

Features are the configurations that are determined using data that we use as input in our
problem. Hyperparameters are specifications that are hand-picked by the user/programmer and

are often used to assist in estimating the actual parameters of our model [70].

2.3 Convolution Neural Network (CNN)

2.3.1 Motivation

After neural networks were introduced, it was quickly realized that the way input of images is
treated in dense® layers is not ideal. The reason is that through the transformation of the image
into a flatten vector that is used in these layers, the "spatial" information of the original image is
lost. MLPs ignore any nearby pixel correlations. This means that in NN there is no difference

between nearby pixels and distant ones due to their full connect nature [49].

One of the main reasons CNN were created was to develop a neural network that is robust in
certain changes of an image, such as translation invariance. Translational symmetry is when an
object has experienced a shift, movement or slide, in a certain direction and distance without any
other effects acting on it. For example, a human can easily detect an object (car, house etc.) no
matter where it is on a picture. However, a feed-forward neural network, since it has different
weights and biases everywhere, it might not be capable of determining the characteristics of an

object when it is not located in the same spot as the training images used®.

CNNs were first introduced in the early 90s by Lecun et al. [71] and they demonstrated excellent
performance on well-known machine learning tasks such as face detection [69]. Their popularity

rose greatly in 2012 after their impressive performance on ImageNet ° benchmark [69].

CNN also has a direct relationship to biology. Cox et al. (2014) [26] showed that a lot of the ideas
used in their architecture are driven from visual neuroscience and the way our eyes transmit
information to our brain when we look at images.

2.3.2 Description of CNN & Layers

2.3.2.1 Convolution

Convolution is a mathematical operation acting on two functions. It shows the amount of overlap

of a function x when shifted over another function w [122]. For 1D temporal signals it is defined

8Dense or fully connected layer are different names of the standard layers that we analyzed and explained so far
in this chapter.
9The viewer can see the difference in the accuracy between NN and CNN when dealing with images as input at
Appendix. C.
10TmageNet is an image database commonly used in Machine Learning testing. Can be freely accessed through:
https://www.kaggle.com/c/imagenet-object-localization-challenge.
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as:

(e}

(2.25) (x*w)(t)=x(t) *w(t) = foo x(Dw(t—1)dT = f w®)x(t—T1)dT

—00
Or, in discrete space that we treat numerically objects such as images:

o0

(2.26) (x *w)ln] =x[n] *wln] = Z x[mlwln—m] = io: Wimlx[n —m]

m=—00 m=-—00

The first argument x is called input, and the second w "kernel". The output is sometimes also
called "feature map" (Can be also described as units that share the same weights and biases)
[49].

When discussing 2D images it is useful to define convolution in discrete space as:

(2.27) (f*x,n= Y Y fwuv)ge—uy—v)

U=—0UV=—00

As a mathematical operation, convolution is commutative, therefore the above can be re-written
as:

o0

(2.28) @*a,n= Y Y flx—u,y—v) -gu,v)

U=—00U=—00

In this case, g is a 2D kernel, f is a two-dimensional image and the summation is applied to both

dimensions (x, y).

In principle, images can be represented by an array, I[x,y,c] where x, y show the amount of
pixels in each direction and c is the channel. Generally, I takes a value between 0 and 255 which
shows the intensity of each pixel. In most cases, where we have a single image input, ¢ =1,2,3

and it represents RGB! values.

Channel is usually the intensity of one of the primary colors (E.g. for RBG model, Red Blue or
Green). Channel however can describe any component of the original image. In practice, channels
offer an extra dimension in which we can align several 2D images to create a "bunch" of grayscale

images (3D structure) as input .

Convolution layer. These layers are used to apply the convolution procedure to a given image
x. Multiple kernels w can be used resulting in an output of multiple convoluted images, one per

kernel. An example can be visualized in Fig. 26.

1IRGB is a color model where by adding Red, Green and Blue together, one can produce a broad range of colors.
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Stride is the number of horizontal or vertical spaces that the kernel moves during the convolution
operation. For example, one can see Fig.26 to visualize how a stride equal to unity looks like. A

stride equal to 2 would result into a 3x3 matrix and not a 5x5 as shown in Fig.26.

Padding is the extra pixels that are added around the images so that it is possible to move the
kernel around and reach the edge of the image without going outside of it causing an error to the

procedure.
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Figure 26: Visualization of the convolution procedure (Equation 2.27). Here we can see the kernel
(K) as it goes through an image, acting like a feature detector. Figure Courtesy: Cambridge Spark
Ltd (https://cambridgespark.com)

Convolution layer improves a NN system mainly because of three reasons. The first is that CNN
have sparse weights. This is because the number of kernel weights to train is much smaller
than the input of a fully connected NN. As a result, compared to the traditional NN, there are
fewer parameters and the memory requirements are reduced. Efficiency is increased and the
actual training requires fewer operations. Another vital advantage is the parameter sharing. In a
traditional NN all the neurons are tied to each other. On the other hand in CNN, each part of the
same kernel is applied everywhere on the layer. This parameter sharing means that there is only
one set of parameters that needs to be learned. Once more, this provides a drastic decrease in
memory and computational time requirements. Finally, due to this parameter sharing, a new
property arises that is called equivariance to translation. This means that if the input of the
CNN changes, the output change as well. To simply put it, when we "move" an object that resides

in the input image, the convolution procedure will move the output by the same "distance" [49].
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2.3.2.2 Pooling & Subsampling

There are two more extremely important layers that are implemented in a traditional CNN

architecture.

Pooling layer. These layers are trying to reduce the dimensionality of the feature map while
retaining most of its information. It effectively down-samples the output of the previous layer.
In this layer, a kernel scans across the image, but rather than extracting features, it tries to
efficiently compress information. Again, it is required to define a window size and a stride
parameter for this layer. A visualization of a "max" pooling layer is shown in Fig.27. Pooling
layers are usually implemented after applying several convolution layers. They are extremely
helpful in making the model invariant to small translations of the input. This means that if the
goal of the model is to find whether some feature is presented than exactly where, pooling layer

is a vital addition.

12 120 | 30 | O

8 12 2 0 2 x 2 Max-Pool 20 | 30
>

34 | 70 | 37 | 4 112 | 37

1121100 | 25 | 12

Figure 27: Visualization of the pooling procedure for an example of 2x2 max pooling. Figure
Courtesy: Cambridge Spark Ltd https://cambridgespark.com

Subsampling layer. A more advanced layer based on the idea of pooling layer is called "sub-
sampling". In practice, it is an average pooling layer that has its own trainable parameters

(weights) per feature map.

A standard architecture of a CNN that utilizes the previous mentioned layers can be seen in
Fig.28.

What was discussed in this chapter also applies in CNN, meaning that applying non-linear
activation functions such as ReLu and Leaky-ReLu is necessary after each convolution or pooling
layer. Different regularization techniques such as dropout and drop-connect may also be applied
on each layer and as always the normalization of the data is vital when searching for the optimal

solution and to decrease the computational time of the training procedure.
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Input
28x28

Convoluti Subsampling Convolution  Subsampling
5x5 2x2 5x5 2x2

Feature extraction

Classification

Figure 28: Architecture of CNN used to classify the number "1" shown in the input (28x28)
image. It represents a topology with two convolution and two subsampling steps followed by a
classification part that uses classic NN fully connected layers. Figure Courtesy: Suhyun Kim
iSystems Design Lab 2.

2.4 Other Topologies

Another NN architecture that is widely used is RNN (Recurrent Neural Network). In practice, it
is a NN that can process sequential data and its full input consists of the initially provided input,
the current timestep and the output that was computed in a previous timestep. As a result, we
have some kind of re-injection of the result as input again and therefore our input changes over

time.

Long Short Term Memory (LSTM) networks, were proposed in 1997 by Sepp Hochreiter and Jiir-
gen Schmidhuber [53]. Compared to the classic RNN, LSTM is designed to remember information

for long periods of time 13.

More information regarding the topologies of RNN and LSTM alongside with a more extensive
analysis on the previous sections that were discussed can be found in the freely available book of
Goodfellow et al. [49] and in the well-known textbook of Aurélien Géron [44]

Znttp://isystems.unist.ac.kr
13 A very well organized explanation of RNN and LSTM can be found in http://colah.github.io/posts/
2015-08-Understanding-LSTMs/
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CHAPTER

ANALYSIS & RESULTS

n the previous chapters, the reader was introduced to various concepts of space weather
and artificial intelligence. In this chapter, there is a step by step description of the imple-

mentation and analysis that was done for this research project

At the beginning, there is an introduction to the actual problem that was confronted. Moving on,
there is a full description of the work that was done during this project. Finally, the results along

with a discussion section are presented.

3.1 Introduction - Description of the Problem

The ultimate goal of this project is to forecast the emerged CMEs using solar images taken from
SDO.

The work that is being done can be separated into three components as visualized in Fig.29.

The first project consists of an extensive data cleaning and enhancement procedure. This ap-
proach although time-consuming, is vital for the implementation of physical data in machine
learning models. Contrary to machine learning applications that rely on data that are pre-cleaned
or human derived (e.g. stock market prices, questionnaires etc.), space data are usually heavily

contaminated and require a special process to be done before they can be successful implemented.

In the second part of this work, I attempt a CME forecasting, deploying a CNN and using as

input SDO images from the Helioviewer client . The output of the model is the enhanced version

Ihttps://www.helioviewer.org/
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Data | Machine Pre-Processing
Enhancement Learning Project Tool

Project e CNN ¢ Implementation

e Data cleaning of
SDO
measurements &
enhancement of
LASCO/CACTUS

implementation to
forecast CME and
classify Halo CME
using SDO data
from Helioviewer
client.

and proposal of a
new input “history
maps”. Processing
and organizing SDO
images from VSO
client.

catalog.

Figure 29: Project description as separated into three distinct components.

of CACTUS and LASCO versions. During this stage, multiple CNN forecasting models have been

tested, using data of different resolution and wavelength.

The third and final topic of this work is the proposal, explanation and implementation of a
Pre-processing tool. This tool derives a new type of solar data called History Maps (HM) that may

be implemented as input for machine learning models.

3.2 The Data

Before explaining every part of the project, it is important to present the data that were used as

Input and Output in all parts.

3.2.1 Input

For the actual input that was applied in the CNN model, images of SDO were used. Their format

is:
3.1) I[C,x,y] = Value

Where, C is the channel, and x, y is the resolution of the image in each dimension.

Every input consists of an array I that holds the intensity value of C number of images showing

the history of the Sun for a total time 7'. For example,
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If given, T' =2 [h] and a sampling of d¢ = 10 [min]. There are 13 images that are shown in the
channels of the array (I).

Ne=T/dt+1=13
where, N¢ is the number of channels.

As aresult C €[1,13] where C1 represents the Sun 10 minutes before the event, Cg is 20 minutes

before, and so on until the last image shows the Sun 2 hours before the CME.

3.2.2 Output

For the output of this problem, I selected the CACTUS and LASCO catalogs. These catalogs have

dates of CME events along with their characteristics.

The LASCO CME catalog is a manually derived catalog from SOHO/LASCO and is publicly

available2.

Another catalog of automatic detection can be accessed from CACTUS 3. CACTUS catalog is
considered to be accurate and possibly even better than human detection. As shown by Robbrecht
et al. (2009) [99], the events that are only found in the CACTUS catalog are in principle smaller
scale outflows related to other previous CME activities. However, a significant percentage ( ~ 15%)

of the events are found to be independent.

The differences of the two catalogs should be taken under careful consideration. Taking as
example the year 2014, The automatic CACTUS catalog consist of 1855 events, whereas, the
LASCO catalog describes 2478 distinct events.

More information about the characteristics of these catalogs is given in the theory section, in
Chapter 1.

3.3 The Data Enhancement Project

In this part of the work, I use SDO images of multiple resolution (512x512, 1024x1024, 4096x4096)
and wavelengths (171 A, 193 A, 1700 A).

For all the testing and analysis, I used images from the period 2014-2015. This is due to the fact
that both the pre-process and the training of the CNN are extremely expensive in compute power
and memory use. As a result, certain constrains had to be implemented on the data. 2014 was
chosen as the test year because it is part of the solar maximum period of the 24th solar cycle and

is expected to contain several CMEs.

2https ://cdaw.gsfc.nasa.gov/CME_list
3http://sidc.oma.be/cactus/
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3.3.1 Data Cleaning - Multiple CMEs

Both catalogs had multiple CMEs happening on the exact same date and time windows. In this
project, it was decided to train the neural network to predict single occasions of CMEs since it
supposes to act as a protection tool rather than a multi-CME modeling software. It was therefore
necessary to clean the dataset from multiple CMEs occurrences and leave only the most intense
and energetic events. It was decided to keep the CME with the highest angular width since a
higher value indicates a partial or full halo CME that in principle have a higher geomagnetic
effect [118].

From the LASCO catalog during 2014, 37 cases of CMEs happening at the exact same time were
found. However, in CACTUS catalog due to its automatic nature this phenomenon is much more

frequent. It was found that in total, 183 cases had the exact same date and time.

3.3.2 Data Integration - Halo CME distinction

Apart from the forecasting of CMEs, during this work I also tried to classify between halo and
Non-halo CMEs. To create an appropriate catalog for this classification, it was necessary to have

an output that clearly distinguishes between the two phenomena.

In the case of CACTUS catalog to get all possible partial and full halo CMEs, I labeled all CMEs
that had a principle angle 8 > 90 as halo.

In the case of LASCO catalog, LASCO research time had provided a detailed description for each
of the event. It was decided to accept as halo cases these tagged with the keyword "partial halo"
or "halo". Furthermore, we neglected from the database all events that were characterised as

"very poor events".

3.3.3 Data Integration - No CME phenomenon

A neuron network prediction model for CMEs needs to be trained also for non-CME events in
order to be accurate. This is done to train the network to distinguish between a signal that

pre-exists of a CME and a signal that does not.

As a result, it was necessary to integrate non-CME dates into the CACTUS and LASCO catalogs.
To derive the non-CME dates, it was decided that the non-CME cases should be added at least 1
hour after a CME and 1 hour before the next one. This was done in order to ensure that during
the prediction time window of 2 [h], the input data is not contaminated with previous CME
signals. The uncertainty of the CME onset time is quite significant in both catalogs [99], making

this procedure an even greater priority.

For the prediction window that I used, it was decided to take a time window of Tp = 3 [h] in order

to avoid any incorrect signal.
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This resulted in the creation of 779 cases for the CACTUS catalog and 935 cases for the LASCO

that indicate a "safe" non CME existence during 2014.

After adding these dates of the non CME cases, the dataset of CACTUS and LASCO catalog have
the format that is shown in Table 11. In the final enhanced dataset, both CACTUS and LASCO
catalog have their CME dates labeled either "1", showing the existence of an event or "0" showing

the absence.

A visualization of the CACTUS and LASCO catalog enhancement procedure is shown in Fig.30.

| Date | CME [0/1] | Halo CME [0/1] |
2014/01/01 00:12:05 1 0
2014/01/04 23:12:05 1 1
2014/05/03 20:42:00 0 0

Table 11: Example of the modified version of the CACTUS and LASCO catalogs, used for both the
CNN model and the Pre-processing tool.

Data
enhancement
(Halo CME)

Data integration Enhanced

Data cleaning CACTUS/LASCO

catalogs

(Multiple CME)

(No CME dates)

Figure 30: Visualization of the steps taken for the enhancement of the CACTUS and LASCO
catalogs to use them as outputs for the CNN.

3.3.4 Data Cleaning - Corrupted Data

Corrupted data can be found in the enriched catalogs. To avoid any errors on the training
procedure I had to delete certain parts of the dataset. Some of the major corrupted data cases

that were found during the project are enlisted.

From the LASCO catalog:

e 2014/05/14 00:42:05 - Corrupted data found during pre-processing
e 2014/02/12 12:12:05 - Corrupted data found during pre-processing
e 2014/02/12 14:00:05 - Fatal error during pre-processing

* 2014/02/12 18:46:46 - Fatal error during pre-processing

e 2014/03/12 22:18:58 - Corrupted FITS file during pre-processing

* 2014/03/17 09:54:05 - Unknown fatal error

* 2014/07/18 06:55:26 - Unknown fatal error

* 2014/07/20 06:24:07 - Corrupted data found during pre-processing
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* 2014/07/23 18:00:57 - Fatal error, corrupted SDO image

From the CACTUS Catalog:

* 2014/01/02 11:36:00 - No data available to use
e 2014/02/10 21:36:00 - Corrupted data found during pre-processing
* 2014/05/04 00:12:00 - Corrupted FITS file during pre-processing

There have been more cases of corrupted files during 2014. This time-consuming task showed
the necessity of a full project focusing on the data-cleaning process of input and output. This
procedure is essential especially if a fully functioning machine learning model for the heliosphere

is to be created.
In summary, the following steps have been performed on the data

For the Input:

* ] created a routine that downloads 512x512 or 1024x1024 images of the Sun taken from SDO
at various wavelengths. In specific, 171 A (Region Corona), 193 A (Corona/Flare Plasma), 1700
A (Photosphere).

¢ The SDO images were processed slightly using the helioviewer tool as it is implemented in the
SunPy library (Appendix.C).

* The starting date of the script was set to start a few minutes before the event’s starting point
and reached up to 2 hours before the event.

¢ The sampling frequency of the images can be directly adjusted from the script. In this work

data were taken with 10 min intervals.

As a result, the input that was tested in our machine learning model was:

512x512 SDO images (A = 171 [A] - dt = 10 [min] - 7' = 2 [h])
1024x1024 SDO images (A = 171 [A] - d¢ = 10 [min] - T = 2 [h])
512x512 SDO images (A = 193 [A] - dt = 10 [min] - 7' = 2 [h])
512x512 SDO images (A = 1700 [A] - d¢ = 10 [min] - T' = 2 [h])

L e

For the Output:

* | created a routine that downloads, processes and organizes the output files (CACTUS &
LASCO catalogs)

* The processing of the catalogs was done in a dataframe format using the library Pandas* while
adjusting their content to be used in the CNN.

* Several data cleaning and integrating algorithms were implemented to derive the final form.

‘https://pandas.pydata. org/
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As a result, the output that was used in the ML model was:

1. LASCO catalog (Date, CME, Halo = String, 0/1, 0/1)
2. CACTUS catalog (Date, CME, Halo = String, 0/1, 0/1)

3.4 The Machine Learning Project

3.4.1 Architecture of CNN

For the architecture of the CNN, I use a similar approach to the classic CNN examples that have

been used for various problems such as classifying handwritten numbers (MNIST) [69].

The basic idea is to use 2-3 convolution layers in order to capture the most important features
then include a max pooling layer to reduce dimensionality. The process is repeated until the
length of the final input to the dense layers is minimized efficiently to be handled by a GPU for

the training.

For the implementation of the CNN, I used Keras API with tensorflow library as back-end. More
information regarding these libraries and how they can be implemented can be found in Appendix.
C. During the implementation of the CNN models, I worked with state-of-the-art regularization

techniques that included dropout, drop-connect and batch normalization.

The input of the network is a series of images derived from the helioviewer client. For the 2 [h]
prediction window, 13 images taken every 10 minutes and starting from the date of the CME
are grouped together as input. An example of the images used in the input array can be seen in
Fig.31.

In Table 12 the architecture of the model that best predicted the CME occurrences of CACTUS

catalog is shown.

The test loss of the model was calculated using binary cross entropy. In binary classification the

formula is:

(3.2) E = —(ylog(p)+ (1 - y)log(1-p))

Where, y is a binary indication (0/1) whether the class label (c) is correctly classified for the
observation (0). p is the predicted probability that observation o is classified as class label ¢. In

practice, the closer the value of the error function to zero, the better the result/model.

Apart from the architecture shown in Table 12, for the following result, 12 epochs with a batch
size of 20 inputs per iteration were used. A total 80 % of the data was used for training, a 10 %

was used for validating the model and the Adam optimizer was used with @ =0.02 .
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2014-10-21 170647

Figure 31: The Sun as it looks in 512x512 resolution at A = 171 A, downloaded and slightly
processed by the helioviewer client.

The result after using 10% of the dataset as test set for the CNN was:

Accuracy = 76.6%
Test loss = 0.6

A similar model was used to classify between halo and non-halo CMEs using LASCO catalog this

time.

Apart from the architecture shown in Table 12, for the following result, 15 epochs with a batch
size of 20 inputs per iteration were used. A total 80 % of the data was used for training, a 10 %

was used for validating the model and the Adam optimizer was used with a =0.02.

The result after using 10% of the dataset as test set for the CNN was:

Accuracy = 83.5%
Test loss =0.7
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Layer Details & Operations ‘ Output shape ‘
Input - [512,512,13]
Convolution Convolution [14] & 3x3 Kernel [510,510,14]
Convolution Convolution [16] & 3x3 Kernel [508,508,16]
Convolution Convolution [18] & 3x3 Kernel [506,506,18]
Max Pooling Max Pooling with 2x2 Kernel [253,253,18]
Dropout 20 % Dropout [253,253,18]
Convolution Convolution [20] & 3x3 Kernel [251,251,20]
Convolution Convolution [28] & 3x3 Kernel [249,249,28]
Convolution Convolution [36] & 3x3 Kernel [247,247,36]
Max Pooling Max Pooling with 2x2 Kernel [247,247,36]
Dropout 20 % Dropout [123,123,36]
Convolution Convolution [40] & 3x3 Kernel [121,121,40]
Convolution Convolution [56] & 3x3 Kernel [119,119,56]
Convolution Convolution [72] & 3x3 Kernel [117,117,72]
Max Pooling Max Pooling with 2x2 Kernel [58,58,72]
Dropout 40 % Dropout [253,253,18]
Convolution Convolution [80] & 3x3 Kernel [56,56,80]
Convolution Convolution [112] & 3x3 Kernel [54,54,112]
Convolution Convolution [144] & 3x3 Kernel [52,52,144]
Max Pooling Max Pooling with 2x2 Kernel [26,26,144]
Flatten Flattening of the input 97344
Fully Connected 400 Neuron - Dense layer 400
Fully Connected 200 Neuron - Dense layer 200
Fully Connected 2 Neuron - Dense layer 2
Output Classifier, 0.5 Threshold Sigmoid 2

Table 12: Basic architecture of the CNN model used for predicting CMEs as they are shown in
the enhanced version of the CACTUS catalog.

In all models, it was found that the best results were obtained using a LeakyReLu activation
function on every unit apart from the output. The a parameter of LeakyReLu was set to be
a = 0.02. The output layer uses a sigmoid activation function with a threshold of 50% for the

classification.

Training evolution for the epochs of the CME prediction model is shown on Fig.32. Every epoch
consists of 182 batches with 20 data points each. Increasing the epoch number resulted in an

increased computational time without having any significant difference in the accuracy.

The most vital implementation was batch normalization. Slight changes between different
gradient descent techniques and between activation functions were also tested but the most
essential element was by far the batch normalization layer. To provide the best result, it was
aplied after each convolution that operated on the provided data. Two more batch normalization

layers were added after the fully connected layers that are applied at the end of the CNN
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Figure 32: Accuracy of test set versus epoch. Accuracy is provided as a percentage of correct
prediction, y € [0,1]. The peak is reached at roughly 12 epochs.

architecture. All the models with the above architecture were tested for the year 2014. Each
training and validation run had a computational time of ~ 2 — 3 [h] using two Tesla K40c graphic

cards in parallel configuration.

A diagram of the CME model is shown in Fig.33.

Input Convolution Neural Network* Dense Neural Network* Output
[13,512,512] Feature Extraction Classification CME /No CME

Conv
Conv
Conv
Pool

Conv
Conv
Conv

*CNN’s full architecture given on Table 12

Figure 33: Diagram of the CNN implementation done for the machine learning project.
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3.4.2 High Performance Computing (HPC) & VSC implementation

A very common problem met during the training of neural networks and specifically of CNNs
is the computational time required for the training and the enormous amount of data. These
problems are treated by the fields of HPC and "big data algorithms", which describe codes that
utilize data sets too extensive and complex to be processed with conventional methods. In practice,
these fields are trying to do one thing. Get the most information out of data while minimizing the

computational time, cost and storage.

For this work, space and access on the VSC 5 supercomputer was provided. VSC is managed by
FWO and collaborates with five Flemish universities including KU Leuven. To access the cluster
SSH (Secure Shell) was used and both CPU and GPU nodes were utilized. In specific, CPU nodes
were used for the download and process of the input and output, while GPU nodes were used for
the training of the CNN models.

3.5 The Pre-Processing Tool

On the following sections, we are going to describe in details the pre-proecessing tool that was

created as the third and final component of this project.

3.5.1 The Pre-processing Tool - Overview

The most important step to create an optimal machine learning model is to find and pre-process
the data used as input. Usually this procedure can be more complex and time-consuming than

the implementation of the model itself and this project is no exception.

After investigating several research papers on both solar flare prediction and CME forecasting
using machine learning ([42], [15]), it was decided that a new strategy for the use of SDO images
has to be created. This idea was further enhanced after utilizing a Convolution Neural Network
and realized that there might be a better alternative than predictions with pure SDO data.
Therefore, it was decided to follow a more risky and experimental procedure, deriving a new type
of solar data, called "History Maps" (HM).

The processing tool is a module, built in python, that downloads, processes and organizes images
from SDO in order to be fully used as inputs to an A.I. model. The idea behind the processing tool
is to create an automatic procedure that uses the Sun’s differential rotation and images from
SDO to derive new features (HM). These history maps show how the intensity of a specific area
of the Sun develops during a time period. The tool takes the intensity of multiple longitudes
at a given date, and then tracks their position back in time ([¢] hours), creating one HM per

longitude. A representation of the intensity ([time vs latitude vs longitude]) keeps a recollection

Shttps://www.vscentrum.be/
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of the evolution of fast evolving features; like CMEs; in the atmosphere of the Sun. In practice,
after applying a differential model, depending on the input of the user, the output is an array
I[dt,x,ylr.

I shows the intensity values for a specific time (T'), where, x is the Sun’s latitude, y is the

longitude and dt the timestep that was used for applying Sun’s differential rotation.

By the time this report is written, there are 2 fully functioning versions. One that takes as input
the dates of the CACTUS and LASCO catalog and one that takes as input a date by the user. In

the following section an explanation of the tool in the most general case is being presented.

3.5.2 Pre-processing tool - Motivation

Additionally to what has been already stated, there is deeper reasoning behind this approach.
I believe that, capturing the time information in aligned images in a similar way that color is

captured in everyday photos can be of great use for a CNN network.

To be precise, likewise our original SDO input, the final result of our pre-processing tool is

similarly:
3.3) I[C,x,y] = Value

However, compared to equation 3.1, in this case, x is the amount of points along a specific

longitude line y that is propagated back in time following a differential rotation model of the Sun.

There are two important reasons that this idea is appealing. The first is that it lowers the
resolution of the input, since in principle one can take a much smaller amount of y longitude

lines than the resolution of SDO data. For the space scales of CMEs a y <512 [pix] can be used.

The second reason is that it is a big step towards multi-CME forecasting, since it shows different
areas of the Sun depending on the initial longitude line. In practice, a specific area of the Sun is
being tracked back in time, giving the possibility to spot all kind of MHD phenomena that may
arise such as sunspots, CMEs, flares etc. To visualize this, a "History Map'" (HM) of a sunspot is
shown in Fig.34. On this figure, there is a visualization of how a longitude line (-2 [°]) looks like
as tracked back in time for 7' = 2 [days].

This image is a visualization of I[C,x, y], if one fixes a specific value in the dimension y = —-2[°])
while, C €[0,288] and x € [0,2000]. It can be viewed as a representation of the time and space
evolution of the —2 degrees longitude line of the Sun. The actual Sunspot as it looked at ¢y and at

to — 2 [days] back in time is shown in Fig.35.
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Figure 34: Visualization of a sunspot development as shown in the HM format (x versus C).
The tp moment is captured in the last time step (dt). Zero timestep shows the longitude line
at 2014-10-23 18:39:42 (left edge). There is a total propagation of 2 days back in time with a
timestep of d¢ = 10 [min], leading to the last timestep (right edge) at 2014-10-21 18:39:42

AlA 1700 A 2014-10-23 18:39:42 AIA 1700 A 2014-10-21 18:39:18
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Figure 35: [Left]: Visualization of the sunspot at 2014-10-23 18:39:42 [Right]: Visualization
of the same sunspot at 2014-10-21 18:39:42. Both the latitude (y) and longitude (x) are in
[arcseconds]. The History Map (HM), of this structure as seen by following the —2° longitude line
can be seen in Fig.34.
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3.5.3 Pre-processing tool - Differential Rotation

For the differential rotation of the Sun, several modules can be applied. The ones that are already

implemented in the SunPy library and that were used, are :

1. Howard’s
2. Allen’s

3. Snodgrass’s

The first model by Howard et al. (1970) [56], is a widely used model describing rotation law as
derived from observations of spectroscopy. This model was later analyzed and further developed
by Robert Howard and therefore was named after him [54]. The model can be summarized in the

following equation:

(3.4) w = A +B sin%(¢) + C sin*(p)

where, w is the angular velocity of the Sun, ¢ describes Sun’s latitude and A, B, C are constants.

These constants as implemented in SunPy’s library® are:

A =2.894 [rad/sec]
B =-0.428 [rad/sec]
C =-0.370[rad/sec]

The second model by Allen is a much simpler model, shown in the textbook he originally wrote
and developed by Arthur N. Cox [25]. His approach is much simpler and when dealing with

models that require high precision, its use is not advisable.

The third model by Snodgrass et al. (1990) [111] is similar to Howard’s model. However, the
constants of the equations are derived differently and are considered to be more suited for

magnetic structures of the Sun. The differential rotation follows the expected form of:
(3.5) w = A +B sin%(¢) + C sin*(p)
With constants:

A =14.713+0.0491 [deg/day]
B =-2.396+0.188 [deg/day]
C =-1.787+0.253 [deg/day]

8http://docs. sunpy. org/en/v0.9.0/_modules/sunpy/physics/differential_rotation.html#diff_rot
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It was decided after careful examination and by following the movement of magnetic structures,
that the most accurate model for the pre-processing method is the one developed by Snodgrass et

al. [111]. As a result it is the differential rotation model that was implemented in our tool.

A detailed comparison between the differential models can be found in the excellent review paper
of Beck, J. (2000) [10].

3.5.4 Pre-processing tool - Procedure & Results

The module takes as input the following parameters:

¢ Amount of points (x) for each longitude line.

¢ Date (either "string" or "LASCO" / "CACTUS" keyword for direct import of dates from the
catalogs).

¢ Amount of longitude lines (y) and degree range (e.g. [-60,60,100] means 100 lines from -60 ° to
60 °).

* Timestep (d?) to apply differential rotation module into all the coordinates of the given (x,y)
pairs.

¢ Total duration (T'), showing the total propagation back in time.

* Wavelength (1) to select the corresponding instrument of the SDO satellite.

¢ Number of loops, meaning how many dates we want to propagate in time totally. For exam-
ple, loops = 10 means that 10 dates that are either provided by the user or derived from
LASCO/CACTUS catalogs are going to be used.

In the case of the CACTUS/LASCO specific module, input for specifying the starting point of the
catalog can be given. Starting point shows the origin date from which the differential module is

applied.

The output of the module for every loop (date) are:

¢ A database file (.sql) that holds all the information of the images of SDO used along with their
path to the local folder where they reside.

¢ Scientific SDO data (4096 X 4096) for every timestep, saved as .FITS files and automatically
distributed according to the wavelength that is given by the user. Files are downloaded using
the Virtual Solar Observatory (VSO) 7 client.

* An array file for the neural network input (I[C,x,y] = Value) saved as NumPy array (.npy)
locally.

* (Optional) Providing a keyword to the script, a history map (2D) visualization of every imported
longitudinal line can be derived.

¢ (Optional) Providing a keyword to the script, an animated GIF, including all frames that were

used during the procedure can be derived.

"https://sdac.virtualsolar.org
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* (Optional) Providing a keyword to the script, diagnostics that include a printout of all the steps
while the script is running can be derived. Furthermore, the dates of the .FITS files that are

being used as the procedure goes on are also printed.

A diagram of the procedure can be visualized in Fig.36.

Am important step is the choice of coordinate frame of reference before, during and after the
differential rotation module is applied. If a specific longitude line is to be propagated back in
time, the choice of the coordinate system for the degree initialization should be the Stonyhurst &
heliographic system. Considering that the location of SDO changes over time, it is important to
transform the coordinate system every time based on its current position. Fortunately, this is
already implemented in the SunPy library ?, allowing to transform the coordinate system to be

centered to the current SDO position every time an operation is being done.

Both the differential rotation module and the coordinate system transformation has used a lot of
the properties that are implemented in the .maps format that is provided by the SunPy library
10 These variables keep metadata, meaning data that provide information about other data that
are also included in the file of the actual measurements. Metadata include the position of the

satellite, its resolution, its exact date of measurements and much more information.

An example of a longitude line being propagated back in time is shown in Fig.37 and Fig.38.

Another example of a multiple line propagation can be seen in Fig.39 and Fig.40.

In these figures, the evolution of a sunspot on the southern hemisphere of the Sun can be observed.

As expected, the generated HM tracks the space and time evolution of this active region.

Fig.37 and Fig.38 are generated using the slightly edited data provided by the Helioviewer client
at 2048x2048 resolution and A = 1700 A

Fig.39 and Fig.40 are generated using the full resolution scientific images provided by the VSO
client at 4096x4096 resolution in A = 1700 A

8Named after the village Stonyhurst in which the observatory where the development of this coordinate system
resides.
9http ://docs.sunpy.org/en/v0.9.0/code_ref/coordinates.html
Opttp://docs. sunpy. org/en/v0.9.0/code_ref/map.html
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Figure 36: Diagram of the pre-procesﬁng tool as described in the main text.
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Figure 37: [Left]: Visualization of the Sun at 2014-10-23 18:39:42 including a longitude line (—2°).
[Right]: Visualization of the Sun at 2014-10-21 18:39:42 including the same line propagated
back in time. Both the latitude (y) and longitude (x) are in [arcseconds].The history of the line
can be seen in Fig.38.
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Figure 38: History Map (HM) derived for the longitude line that is shown in Fig.37. A sunspot is
clearly visible in the southern hemisphere near the equator of the Sun. The time ¢y (2014-10-23
18:39:42) is plotted in the last time-step (dt), therefore in the left-most column of the figure. The
right-most part of the figure shows the final moment of the back in time propagation (2014-10-21
18:39:42).
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Figure 39: [Left]: Visualization of the Sun at 2014-10-23 18:39:42 including five longitudinal
lines (—2°, —4°, —5°, —6° ). [Right]: Visualization of the Sun at 2014-10-21 18:39:42 including the
same back in time propagated lines. Both the latitude () and longitude (x) are in [arcseconds].
The history of the lines can be seen in Fig.40.
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Figure 40: History maps derived for the longitude lines that are shown in Fig.39. The Sunspots
structural evolution in time is visible in all the provided lines.
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3.6 The Results

The scientific output of this work can be summarized as follows. In this research work:

¢ A python code that downloads and organizes SDO data, accessed from Helioviewer client, was
implemented. This tool was used to create the input of the CNN model.

* A series of data enhancing, cleaning and integrating routines were used to adjust the CACTUS
and LASCO catalogs in order to use them as output for the presented pre-processing tool and
for the A.I. model.

¢ Multiple CNN models that use state-of-the-art techniques were deployed for the prediction
of the enhanced catalogs. The best models derived original and promising results, predicting
76.6% of the CMEs in CACTUS catalog.

¢ A similar CNN model was able to distinguish between halo and non-halo CMEs with an
accuracy of 83.5% as described in LASCO catalog.

* A new type of input ("history maps") was conceptualized and implemented by a pre-processing
tool that uses the VSO client to download SDO data, and the SunPy library to operate on them.

I tested both helioviewer and VSO client for downloading and processing SDO data. Both clients
provide many options regarding the instrument choice and the resolution options. Helioviewer
however, only provides access to slightly pre-processed .jpeg files. On the other hand, VSO
provides access to the full scientific .FITS files that include the highest possible resolution
(4096x4096).

The best machine learning prediction results were derived when using solar images at 1 =171
[A]. Using A = 191 [A] resulted in a slightly lower accuracy (~ 1 —5% less accuracy depending on
the model).

There were no significant differences between the CNN results using LASCO and CACTUS
catalog. Both catalogs performed similarly when used as output files in a CNN that uses pure

SDO images as input.

The Adam optimizer showed the best results in all model architectures when compared with
other known optimizers such as Stochastic Gradient descent and RMS. This result is in direct
agreement with results that were shown in recent research as described by Kingma et al. (2014),
[66].

Batch normalization is an extremely useful and vital tool for a model that wants to reach the
highest possible accuracy. The implementation on every single layer was the main reason that
this modeling was possible. The result of this work is once more in full agreement with most
neural network applications that are implementing state-of-the-art techniques as shown by Ioffe
et al. (2015), [59].
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Optimal batch size and epoch number varies a lot from experiment to experiment. In the case
that was described, a batch size of 10 — 30 inputs and 15 — 25 epochs seemed to provide the best

result.

The prediction accuracies derived are promising and may contribute to the already steadily
increasing literature on machine learning space weather forecasting models. So far most of the
models focus on solar flares ([61], [42]) or on geomagnetic indices prediction ([124], [125]). The
CNN that was implemented in this project filed a missing gap of preliminary CME prediction

results.

For the pre-processing tool, a wavelength of A = 1700 [A], was used for the motivation, validation
and visualization. These images, taken from the Helioseismic and Magnetic Imager (HMI) of
SDO are important to validate the accuracy in following certain magnetic structures such as

sunspots.

The output of the pre-processing tool, apart from its standalone scientific value has not been
tested in combination with the CNN model. However, after deriving optimistic results from using
pure SDO data, it is speculated that it may provide even more spectacular results if fully utilized.
Of course, such implementation is extremely complex and far above the level of a Master thesis
and its strict finishing time schedule. The proposed CNN that uses the pre-processing tool as the

input generator of the network can be visualized in Fig.41.
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Figure 41: Diagram of the CNN that is proposed to be combined with the pre-processing tool of
this work.

Currently the pre-processing tool requires more than 10 days to download, process, validate
and organize 1 year of SDO data, for the use of CACTUS/LASCO catalog as output, for a 2 [h]

prediction window.
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3.7 Conclusions & Further research

One of my suggestions for a future work is splitting the Sun into different areas. This procedure
is already available in the pre-processing tool but there is space for improvement. By separating
the Sun into distinct areas and training a neural network to each area individually, it may be
possible to derive multiple CME predictions. This technique might be important to find several
CME occurrences at the same time but also to increase the performance of the CNN by providing

a more distinct spatial pattern for each CME event.

On the data enhancement process of the output, even though the method of cleaning and
optimizing the pre-existed databases of CACTUS and LASCO was successful, a lot of improvement
can take place. It is shown throughout this project that a more in depth analysis of the CME
occurrences and a side by side comparison of the differences between these two catalogs is
required. Machine learning algorithms can be as good as the data that is provided. An inexact
definition and classification of CMEs can limit significantly the possibility of creating a fully
functioning machine learning prediction model. On the choice between the LASCO and CACTUS
catalog, although both had several issues as previously discussed, CACTUS seems to be more
consistent. I believe that with the correct pre-process and data cleaning procedure CACTUS

might be more successful than LASCO as a possible output of an A.I. forecasting model.

Regarding the choice between helioviewer and VSO client, even though helioviewer might be
easier to use for image processing, providing data at .jpeg. It should not be thought as the best
choice. The not explicitly explained pre-process done by the team behind helioviewer might have
an effect on the prediction capability of a Neural Network therefore careful investigation is
advised. VSO providing the original scientific data should be a more straightforward choice for

similar kinds of work, assuming an extensive procedure for the pre-process of the data is done.

It may also be beneficial to combine the CACTUS and LASCO catalogs with other measurements
(e.g. GOES x-rays). The result might provide an interesting output dataset that may prove

important if the model deals with a regression problem, for example, predicting the characteristics
of a CME.

Regarding the neural network implementation, more work can be done to further optimize the
architecture of the CNN. However, it should be noted that all the training of the neural networks
was done using extremely expensive equipment that is provided by the VSC supercomputer
facilities. Any further optimization that include more complex architecture will most likely

require a similar facility for the training and the validation of the network.

An interesting addition might be to implement specific pooling layers that act on some channels
of the input but not on all. This process can ensure that both highly invariant and low invariant
features will not under-fit and it might be extremely useful if multi-area forecasting is to take
place. This approach is theorized in the work of Szegedy et al. (2015) [116].
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3.7. CONCLUSIONS & FURTHER RESEARCH

Regarding the choice of CNN for forecasting, although it is a fully justified choice, there is evidence
that other topologies might be more suitable. To be more precise, I believe that the combination
of CNN and LSTM neural networks may have better results, especially if it is decided to use data

of several hours or even days before the CME event.

The pre-processing tool might prove to be an important addition not only in the case of multi-CME
prediction but also in significantly decreasing the memory and computation requirements of the
model. The fact that every dimension of the input is adjustable might assist in making the input
of the model more flexible. Furthermore, the ability to adapt the input dimensionality may be a
valuable asset in predicting phenomena of different time and space scales such as solar flares,

sunspots, etc.

Regarding the advancement and the further improvement of the proposed pre-processing tool,
there are a few additions that can increase its performance and scientific output. In specific, a
more strict debugging procedure that is capable of spotting contaminated data while they are
being downloaded or processed should be implemented. A multi process implementation will
also be of great use in order to decrease the computational time required so that the tool may be

applicable for even longer periods of time or for a longer prediction window.

Finally, if anyone is interested in either re-producing these results or further developing any
of the mentioned codes (download/machine learning/pre-processing tool), they may request the

latest version by sending an email ! to the author of this work.

To conclude, I hope that this study will stimulate further investigation in the field of CME
prediction and classification. This problem remains open and unsolved but also challenging and
fascinating. It is with collaboration and determination that similar problems have been solved in

the past and I expect this topic to be no exception.

11SavvasRaptis@g;mail .com
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APPENDIX

SOLAR & SPACE PHYSICS MATERIAL

n this Appendix, there are some information about solar and space physics that are either
too technical to be included in the main text or not directly related to the main topic. This

Appendix acts as a supplementary material to Chapter 1

Sun’s Magnetic Field & Babcock’s Theory

The Babcock’s model is the standard model explaining the magnetic field rotation and the sunspot
pattern that is observed on the Sun every 11 years. The theory was first proposed by George
Ellery Hale! and was further developed by Horace W. Babcock 2 and Robert B. Leighton® [6]. A
summary of the Babcock-Leighton dynamo model can be visualized in Fig.42 and Fig.43

Although Babcock theory is successful at explaining observed phenomena, there have been
several more complex models that try to produce even more accurate results. Some example that
the reader can find in the bibliography are the model developed by Dikpati et al. (2006) [35] and
the Sun’s kinetic model developed By Wang et al. (2005) [120].

The magnetic field lines observed in the Sun can be grouped in 3 different components, as shown
in Fig.44.

1 American Solar Astronomer [1868 - 1938]
2 American Astronomer [1912 - 2003]
3 American experimental physicist [1919 - 1997]
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o Beginningof the Solar Cycle
o Weak magnetic field, approximated as dipole, B =~ 1 [Gauss]

o Denser Magnetic field lines close to poles due to the differential rotation of the sun, B = 10% [Gauss]
o Increased Magnetic field due to increased number of field lines B = 103 [Gauss]

o Twist of the magnetic Field lines where there is an increased number of them
e B = 10* [Gauss] - (Maximum value is achieved during Solar Maximum)
o Active regions (Places were Solar Flares/ CME originate) move close to the equator (Butterfly Diagram)

o Magnetic Fields of different polarity cancel each other as they move closer to the equator
o Magnetic Field lines on poles cancel out and we slowly move to the new polarity
o Destruction of active regions is happening

e Rotation of the Magnetic Field

e 11 year cycle is completed and the process starts again with reversed polarity

Figure 42: Summary of the steps describing Babcock-Leighton dynamo model

15t 2nd 3rd 4[11 _ Sth

Figure 43: Sun’s magnetic field during every stage of the Babcock theory as described in Fig.42.
The pictures of the Sun are a compilation from the work done by Costas Alissandrakis et al.
(2015)
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Figure 44: The three components of Sun’s magnetic field. [Left], Figure Courtesy: http://solar.
physics.montana.edu. [Right], Figure courtesy: Fabio Reale (2014), [95].

Magnetospheres & Planets

A very interesting magnetic construct that is vital for space weather is the Magnetosphere of a

planet. Almost all planets (apart from Mars and Venus) have a magnetosphere around them .

A whole analysis on the relevance of the magnetosphere for the phenomena of space weather has
been given in Chapterl. The magnetic fields of other planets are tilted in their own unique way

[67]. The basic characteristics of each magnetosphere are shown in Table 13.

’ Characteristic ‘ Mercury | Earth | Jupiter | Saturn | Uranus
Distance [AU] 0.31-0.47 1 5.2 9.5 19
Solar wind density [amu cm ™3] 35-80 8 0.3 0.1 0.02
Radius [km] 2.439 6.373 71.398 60.330 25.559
Surface magnetic field [Gauss] 3x1073 0.31 4.28 0.22 0.23
Magnetosphere size [Rpjanet] 1.4-1.6 8-12 50-100 16-22 18

Table 13: Characteristics of some planets and their magnetosphere. Data were taken from
Kivelson et al. (2014) [67].

The SW’s interaction with every celestial object may cause a magnetic field with similar structure
like the magnetosphere that forms on Earth. Research on the structure of the magnetic field and

its variation due to solar wind include satellites of planets and comets [67].

Cosmic Radiation in Space Weather

A significant contribution to space weather phenomena originate from Cosmic Radiation (CR).

Cosmic Rays consist of highly energetic particles originating from sources that are not in

4A very nice collection of artistic representations can be found in the following link : http://lasp.colorado.
edu/home/mop/resources/graphics/graphics/
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our solar system. The energetic particles have a gyro radius, which shows their origin to be
from another galaxy. When referring to cosmic radiation, Solar Energetic Particles (SEPs) that
originate from the sun and Galactic Cosmic Rays (GCR) that originate from other sources are
included [11].

CRs are divided into two major groups. The primary and the secondary CR. Primary is the
radiation that comes directly from a source. Secondary is the resulted radiation of the interaction
between the primary cosmic rays and Earth’s elementary particles that reside in its atmosphere.
The result of these interactions cause the effect known as "Cosmic/Electromagnetic Shower"

(Fig.45), named after the highly energetic photons that are produced [87].

A Primary cosmic ray

UV fluorescent photons

. . Isotropic emission
= Primary cosmic ray

Nuclei

Charged particles of
electromagnetic shower

Figure 45: Illustration of the creation of secondary CR. A visualization of pions () that later
on generate other particles along with highly energetic photons (y) is shown. Figure Courtesy:
Bietenholz, Wolfgang (2013) [13].

A very interesting phenomenon that can be observed is the relationship between the solar cycle
and the observed cosmic rays. High sunspot number (solar maximum) correlates with low cosmic
ray intensity. This phenomena is happening because during solar maximum, the enhanced solar
wind that propagates outwards of the heliosphere is weakening the CRs that arrive from sources
outside of our solar system [93]. CRs are studied in the framework of space weather due to their
enhancement of the SW but also due to the consequences that they can directly have (Appendix
B). Svensmark et al. (2000) has shown that CRs have a direct effect on Earth’s climate and in
cloud formation [114].
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Particles in a magnetic field

Assuming a particle of mass m in an electromagnetic field, its equation of motion can be written

as:

(A1) m— =q(E +% x B)

(A.2) m—=q(@ xB)=F

Investigating both examples of parallel and perpendicular velocity to magnetic field, one can

easily derive that:

For a velocity perpendicular to the magnetic field:

i

r=—

gB

w:iB
m

Which shows that the force acts as a centrifugal force, and therefore creates an equation of
motion:

=18
m

Now if there is a velocity parallel to the magnetic field, one can simply ® derive:

u| = cst.

By combining the two components, the gyromotion of the particle is derived, which can be seen
in Fig.46 (a). It basically is a spiral motion around the magnetic field line with the direction

depending on the charge of the particle (q).

Considering now the case were the magnetic field is increasing along the propagating axis, the

following aspects arise:

¢ As the magnetic field grows the gyroradius is getting smaller

¢ The parallel velocity is getting smaller as u = ﬁ

The resulted trajectory is the so called "magnetic mirror" (Fig.46 (b). It can be proven that there
is a critical point in which the magnetic field is so extreme that the particle bounces and does the
opposite movement [86]. This motion was shown in Chapter 1 when discussing the movement of

particles inside the magnetosphere of the Earth as they move towards the poles.

5Using the fact that the cross product of two parallel vectors is always zero.
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(a) Gyromotion (b) Magnetic Mirror

Figure 46: [Left (a)] Visualization of gyromotion movement. [Right (b)]: Visualization of the
magnetic mirror phenomenon. Figure Courtesy: Panagiota Preka-Papadema

Overview of Coronal Loops & Magnetic Reconnection

In this section, the phenomena of magnetic reconnection & coronal loop are introduced. Their

importance lies to the evidence that CMEs and solar flares originate from them [81].

Coronal Loops

A visualization of how coronal loops look like was shown in Fig.44. But what exactly is a coronal

loop?

Coronal loops are magnetic structures, they are flux tubes formed in Sun’s Corona, where
extremely hot plasma is confined. It is believed that these magnetic structures are the result
of twisted magnetic flux originating from the Sun. They usually form above sunspots and are
considered to be the main magnetic construct that is connected to solar flares and CMEs. It is
a magnetic construct in which magnetic reconnection phenomenon takes place, producing the

energetic phenomena that are observed at the Sun [110].

Magnetic Reconnection

Magnetic reconnection ® can be considered as a type of electromagnetic acceleration. It is the

resulted phenomenon of Lorentz force acting on a specific magnetic topology.

6Magne‘cic reconnection, exists on various places, such as in the interaction of solar wind with Earth’s magneto-
sphere and in fusion experiments.
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The magnetic topology that most magnetic reconnection models are using is called (non-symmetric)
"X-point" due to its shape (Fig.47).

In this topology, there is a magnetic field:
B= yx + azx&

Where, a? > 1. The non-symmetric hyperbolas create field lines of:

y2 _a22=C
The Lorentz force is described then as :
JxB 1
(A.3) 2~ (VxB)xB
c 47

Which can be re-written as:

JxB B2 B-VB
(A.4) B _ _vE2
c 871 41

As a result, using the above, for the magnetic topology of "X-point":

JxB a®-1
c  4n

(-a%xz +v9)

Therefore, there are two components of the Lorentz force. An inward for x axis and an outwards

for y.
JxB  a%a®-1)
y:0$ = — XX
c 47
JxB a?-1
x=0=> = y
c 4m

It has been shown therefore, that this magnetic topology can accelerate the plasma, due to

Lorentz force, inwards in the x direction and outwards in the y.

If the Lorentz power is not neglected by the plasma pressure, the creation of a current sheet
might occur, which is described as a flow of plasma and a pile up of magnetic energy. This pile up

is followed up by the transformation of the magnetic energy into kinetic and thermal.

Qualitatively speaking, let’s consider plasma with little resistance, enough to make diffusion
phenomena significant. When such a plasma area is interacting with a magnetic field line, the
areas split and the area outside of the diffusion region move outwards of the structure. When
these areas move outwards they will meet other field lines and then, the "cut" and "reconnect"
phenomena occurs from which the whole structure was named after. A visualization of this

phenomenon is shown in Fig.48.
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Figure 47: Visualization of the magnetic topology "Non symmetric x-point". Figure Courtesy:
Costas Alissandrakis et al. (2015)
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Figure 48: Schematic representation of the magnetic reconnection standard model. Figure Cour-
tesy: Costas Alissandrakis et al. (2015)

Sweet - Parker model

In this example, the topology of the magnetic field lines is that of the "X-point", proposed by Peter
Sweet 7(1956) and later developed by Eugene Parker, and therefore named "Sweet-Parker model".

It can be proven, as shown in the textbook of Fitzpatrick (2014) [41], that the speed of the plasma

going inside the diffusion zone is:
U=ugq\ V2/R

Where, u, is the Alfven speed in that area, and R is the Reynold magnetic number:

R 4ruyL

nc?

"British Astronomer, (1921-2005)
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Where, L is half the length of the diffusion area, 17 is the conductivity parameter and ¢ the speed
of light.

Furthermore, it can be shown that the magnetic reconnection is happening at a rate [41]:

r~

L
VR

In the case of Sun’s corona, the rate of magnetic reconnection can be found to be ~ 1074 -1076

which provides:

u =~ 0.01 [km/s]
Ug =~ 1000 [km/s]

This means that if the Sweet-Parker model was fully accurate, phenomena such as solar flares
would have a time scale of several weeks. However, as discussed in Chapter 1, they can have a

time scales of minutes.

Petschek model
Another model® was proposed by Petschek in 1964 [90]. Its main idea is that there is a shorter
length (L). This result in a much more rapid rate of magnetic reconnection (three times faster):

N T
"~ 8InR

Similar calculations as before provide:

u=10-20[km/s]
Uq = 1000 [km/s]

Finally, there have been tries to develop 3D models of magnetic reconnection that compared to
the 2D version, require a more complex magnetic field. Some works on 3D magnetic reconnection
has been done by Anna G Frank (1999) [43] and more recently by Miho Janvier (2017) [60].

Example of Flare and CME models

In principle, flares & CME models try to address the following questions:

1. How does the magnetic energy pile up.
2. How does the energy gets transformed and released in the observed way.

3. In the CME case, how magnetic field lines open in such a way that they let material escape.

8 Also called "Fast magnetic reconnection” model
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The basic idea of most CME and solar flare models is that the magnetic field lines can somehow
get distorted and create a pile up of magnetic energy. In these models, magnetic reconnection is

utilized to simulate the conversion of magnetic energy to kinetic and thermal.

A typical model for the combined phenomenon of solar flare and CME was developed back in
1960 - 1970 and was modernized by several scientists in 1990 [55].

The model (Fig.49) can be summarized as [73]:

1. The geometry has some kind of co-rotated magnetic field (e.g. flux rope)

2. For some reason (e.g. Magnetic instability) flux rope is going upwards in such a way that some
magnetic field lines are antiparallel.

3. As the flux rope is going upwards, some field lines close each other and a current sheet? is
developed.

4. Instabilities caused in the current sheet begin the phenomenon of magnetic reconnection

5. A solar flare and a CME is developed at the place where the magnetic reconnection occurred.
Plasma and magnetic flux is ejected and kinetic energy is added to the ions that reside in the

hot propagating plasma.

Common criticisms of this model is that the magnetic field is treated as dipole which is not true
for the Sun. The fact that it was made in two dimensions and its requirement of enormous current

sheets to be developed in order to generate the amount of energy that is observed.

Another model, developed by Lynch et al. (2008) [76], in which the magnetic reconnection

phenomenon has a more leading role can be seen in Fig.50. The steps of this model are:

(a) The main magnetic topology is a series of distorted magnetic loops.

(b) Due to secessional motion from the east to the west, the magnetic pressure in the central

magnetic field lines is increasing.
(c) Magnetic reconnection is occurring.

(d) Magnetic reconnection will "open" the magnetic field lines and therefore assist the main
magnetic structure to have a considerable increase in magnetic pressure, leading to the

explosion that cause the flare/CME phenomenon.

9Dense magnetic field regions with an exceed of magnetic energy.

78



plasma+magnetic

flux ejected \

electric field in
the current sheet

//

reconnection
infow

reconnection
infow

reconnection outflow

photosphere —

Figure 49: The typical model of Solar Flare-CME. Figure courtesy: Lin et al. (2000) [73].

Figure 50: Alternative model for the CME creation. Figure courtesy: Lynch et al. (2008) [76].






APPENDIX

EFFECTS OF SPACE WEATHER & PREVENTION

n this Appendix the reader can find more information regarding the effects of space weather
and the methods that are implemented to prevent the disastrous effects caused by Sun’s

activity.

Effects of Space Weather

Effects on infrastructures

A very important effect of geomagnetic disturbances is the impact on groundbased infrastructures,
like power grids and railway systems. Since the power grids hold a high voltage network, the
currents produced by geomagnetic storms (GICs) can vastly damage the network possibly leading
to its full destruction. Another infrastructure that can be affected is the pipeline network, which

can experience corrosion from the produced GICs [91].

As a historical overview, there are two very interesting events that happened recently. The
"1989 Quebec Blackout" and the "2003 Halloween Solar Storms". The first caused the whole
Hydro-Québec transmission system to breakdown [16]. During this event a blackout that affected
more than 6 million people occurred and it took more than 9 hours for a full recovery of the
system. The second event, was a series of major solar flares happening during the solar maximum

period that had a severe effect on satellites, grids and airlines routes [91].

Space weather phenomena that produce GICs can result in the following infrastructure related
hazards [91]:

¢ Transformer saturation

* Reactive power losses
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¢ Transformer & Generator overheating
¢ Pipeline degradation

¢ False signals on railways

Effects of Space Missions

In space, intense SW can damage satellites and their equipment. In specific, energetic particles
can cause "Single Event Effects" (SEE) that can be seen as frozen bits, NaN values of measure-
ments or even the total destruction of MOSFET ! transistors [30]. SEEs can be classified in three

categories [9].

1. Single Event Upset (SEU) is defined as the error caused by a highly energetic SPE or
Cosmic Ray particles passing through microelectronic circuits producing electron-hole pairs
during their propagation. Necessary action to recover the equipment to either reset or

switch-off the device is required.

2. Single Event Latch up (SEL) is a phenomenon triggered by protons, neutrons and
heavy ions. It can be destructive and the device may be recovered by a power off-on reset.
Compared to SEU, it is strongly dependent on temperature and if the power is not shut

down quickly, the equipment may receive a fatal failure.

3. Single Event Burnout (SEB) is a phenomenon triggered by protons and neutrons causing

a permanent failure of a device.

SELs and SEBs are the most disastrous phenomena that is necessary to avoid. These events
require careful design both at operation and design phases since there are no techniques available

to correct their effect in the scientific equipment [9].

For a spacecraft or a space application, one or more of the following requirements must be fulfilled
[301]:

1. Derive accurate characteristics of the space environment using correct statistic measurements.

2. Long-Term prediction of Space environment in order to design the spacecraft.

3. Short and Medium term forecasting of the Space environment for arranging the necessary
operations.

4. Evaluating in real time if the original specifications are sufficient or reactions are required.

5. Data gathering of possible abnormalities and categorizing carefully the data for in-depth

analysis.

Imetal-oxide-semiconductor field-effect transistor
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Effect on Humans’ Health

Apart from the effects on space missions and on electrical devices, energetic events in space also

have an immediate effect on biological matter.

Exposure to energetic particles and CR may also be harmful to humans. The radiation received
even inside the magnetosphere of the Earth can be hazardous since there is a direct correlation
between ionizing radiation from high energy particles and deadly health problems such as
cardiovascular problems, mutation and cancer cell growth [2]. This is at the moment, one of the
biggest problem regarding the inhabitation of Mars and other long duration space missions that

include human transportation [33].

To calculate the dose of radiation, researchers use the unit Gray? : [Gy] = [J[‘l’{‘;l]e]. However,

when referring to the effect on biological matter another unit is usually used, Sievert? [Sv].
Sievert is called "equivalent dose" and even though it has the same physical unit, it takes under

consideration the effects that radiation has on different tissue.

For example, 1 [Gy] of gamma rays is 1 [Sv]. However, 1 [Gy] of alpha rays is 20 [Sv] since
the alpha radiation is much more dangerous if the source has already penetrated the target.
The reason alpha particles are more dangerous is because they can be more easily absorbed by

humans cells [21].

Even in an LEO (Low Earth Orbit), like the one in the International Space Station (ISS), a crew
member can receive up to 1[mSv] per day [27], which is approximately 10 chest X-rays or 1/5th of

maximum recommended yearly dose, taken daily [72].

An example of the amount of [mSv] received by humans in different situations is shown in
Fig.51. It should be noted that a dose of 100 [mSv] increases the possibility of cancer development
significantly [92], while a dose close to 1000 [mSv] is fatal in most cases [45].

Aircraft Safety

The crew and the passengers of an aircraft are also in immediate danger of space weather effects.
The closer to the upper atmosphere the less protection there is from all the various phenomena

that contribute to radiation.

The cosmic ray radiation dose increases until up to ~ 22 [km] (66.000 [ft]). Furthermore, the
closer to the poles, the more radiation received since these are the least protected areas of Earth’s
magnetosphere. The crew of an airplane flight may receive an annual dose of several [mSv],
which puts them in a similar occupational exposure to nuclear workers and miners of radiative

environments [8].

2Named after the English Physicist, Gray, Louis Harold (1905-1965)
3Named after the Swedish Physicist, Rolf Maximilian Sievert (1896 — 1966)
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Figure 51: Radiation received by Humans in various circumstances. Figure Courtesy: JPL-
CALTECH/NASA, SWRI.
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Figure 52: Ambient dose calculated for different inputs. Solar maximum (1990) is represented
using thick lines and solar minimum (1998) using thin ones. The calculations that produced this
graph were made with EPCARD software and they show results for both aviations close to the
equator and to the poles. Figure Courtesy: CORDIS (Community Research and Development
Information Service), European Commission.

As shown in Fig.54, the dose received is significantly more during solar minimum. This is due to

the relationship between the solar cycle and the cosmic rays, explained in Appendix A.
Traveling at high altitudes offer many advantages especially for long flights. When a plane is
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going higher in latitude, the air becomes thinner. As a result, the airplanes can travel faster
using less fuel and therefore costing less money per flight. Furthermore, to avoid turbulence the
airplane should preferably reside above the stratosphere (> 33.000 [ft]) since there are no clouds

there or strong instabilities that cause turbulent effects [37].

Monitoring of Energetic Particles

To avoid all the previously mentioned possible disasters, several methods have been developed as
counter-measurements. One of the simplest yet effective method is the use of small and cheap

monitors, that act as a safety measurement for the more expensive scientific instruments.

An example of such device is SREM (Standard Radiation Environment Monitor), developed by
ESA, which is on board of the missions PROBA — I, Rosetta, Planck, INTEGRAL and Herschel.
Although SREM is also used for scientific research, it mainly acts as an alarm for other valuable
devices included in these missions. Its main goal is to signal an alarm when it detects radiation

above a certain threshold so that the other devices can be switched off [106].

SREM is a detector that was designed to measure e~ with energies E > 0.5 [MeV] and p* with
energies E > 10 [MeV]. SREM is able to provide consistently good in quality measurements to
describe the radiation environment in space while being minimal intrusive for the rest of the

space equipment [39].

The advantage of using such a monitor is that it is generally a small addition that takes little to
no space on the spacecraft while at the same time its installation is straightforward and requires
little effort [106].

Other monitors that are used are:

REM (Radiation Environment Monitor, 1994 - 1998)
XMM-Newton Radiation Monitor (2000)

NGRM (Next Generation Radiation Monitor, 2014)
HMRM (Highly Miniaturized Radiation Monitor, 2015)
EMU (Environment Monitor Unit, 2017)

A

Of course, these monitors although extremely useful. They are still susceptible to rapid changes

in radiation and to malfunctions that may occur.

Forecasting Models

Another more elegant method to prevent the hazardous effects of space weather is the develop-

ment of forecasting methods. This is a much more complicated and extensive work compared to
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the use of monitors. However, it is by far the most valuable tool since it can help predicting a

disaster before it even happens.

In order to be able to fully protect satellites, systems and humans, it is vital to develop forecasting
capabilities for both solar events (flares/CMEs) and SEPs. Even though from a modeling point
of view, solar flares, CMEs and SEPs are similar to each other. For a prediction and warning
viewpoint, these phenomena are different due to the different time scales that they require to

develop and reach manmade objects.

Physical Models

Physics based forecasting models are based on physical laws, observations and well-established

theories. These models utilize data driven computer simulation to predict future events.

A widely used heliosphere physical forecasting tool is the WSA-ENLIL. It is a global 3D ideal

MHD code which tries to model and forecast the evolution and the characteristics of solar wind.

Another model called ENVIL +cone? is also used for the forecasting of CMEs and their effect
on solar wind characteristics. The model is quite accurate in finding out when a phenomenon
is happening. However, there is usually a significant error in the parameters that are found.
Taktakishvili et al. (2009) found the arrival time to be of an average absolute error: ~6 [h] [117].

ENLIL+cone model forecasts CME propagation and takes the cone model input parameters at its
inner boundary. The cone model is based on the idea that close to the Sun CME propagates with

constant angular and radial velocity, and therefore, has the shape of a cone [88].

A result from a ENLIL cone model can be seen in Fig.53. There, one can see a simulation that

was created to simulate a CME °.

Statistical Models

Statistic based modeling is another type of model that appeared in recent years due to the
availability of satellite data. Depending on the forecasting phenomena, there is a different
justification for its use. In the case of solar flare prediction, the reasoning is that as a global
phenomenon, flare event is a time-dependent Poisson process é and can be therefore modeled by

a statistic process [123].

4Developed by D. Odstrcil, University of Colorado, Boulder.

5The results of the simulation can be accessed at https://ccmc.gsfc.nasa.gov/database_SH/Savvas_
Raptis_032617_SH_1.php.

6Poisson process uses variables that are useful when counting the occurrence of a specific event that even though
it happens at a specific rate, it is in principle random.
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Figure 53: Simulation result using Envil Cone Model showing various parameters shown for 2165
CR. A special reference is done to the period when the CME hits earth to show the fluctuations in
the shown parameters

Machine Learning Models

In the last few years, more and more researchers are working towards the creation of a fully func-

tioning machine learning model that can predict and characterize all solar related phenomena.

Some initial tries that were developed by Colak et al. (2009) achieved results that were signifi-
cantly better than NOAA Space Weather Prediction Center (SWPC) for the period 1999 - 2002
[24].

In space weather people use ML techniques to forecast all kind of phenomena. Most of the
research describes tries to accurately predict solar flares ([61], [42]). Some tries have been made
to predict if CMEs will originate from active regions [15]), while other works focus on the forecast

of various geomagnetic indexes such as DsT and KP [124], [125].

Other Models

Apart from the "forecasting” models, there are two more type of models that are extremely vital

for space weather. These being the "nowcasting” models and the “climate models".

Nowecasting models are models that are used in order to resolve anomalies that were not possible
to forecast. These models are used to readjust parameters during a space mission if an emergency

happens.
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APPENDIX B. EFFECTS OF SPACE WEATHER & PREVENTION

Climate models are models with long forecasting capabilities showing an estimation of the
worst case scenario. They are used for the design phase and the mission planning of a spacecraft
mission [7]. The field that deals with these models is often called "space climate" since it is the
long-term average of space weather. Similarly, to how the climate of Earth’s atmosphere is treated
[84].
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APPENDIX

SOFTWARE & A.lI. LIBRARIES

n this Appendix, there are descriptions and examples on libraries that were used in this
research work. All the libraries that are going to be discussed are implemented in the

Python language.

It is assumed that certain prerequisite libraries that are used in scientific programming in python

such as Scipy, Numpy and Matplotlib are already known and installed.

SunPy

SunPy!, is a community-developed Python library mainly used in space and solar physics. It
provides a data-analysis environment accessible by everyone, consisting all the necessary tools to
analyze and visualize heliospheric and solar data. Sunpy is heavily dependent on other libraries
such as Astropy, Scipy, ete. [83]. In our project, it was used for various tasks as explained in
Chapter 3.

Code Example

An example of basic SunPy code that used for the project can be seen below. This code was the
first code that was created (version 0.1) which was later developed into the main pre-process tool
that is described in Chapter 3.

Ihttp://sunpy.org/
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APPENDIX C. SOFTWARE & A.I. LIBRARIES

CODE:

mwmn

Qaut
Mach
from
from
from
from
impo
impo
from
impo
impo

from

hv =
def

hor: Savvas Raptis, SavvasRaptis@gmail.com

ine Learning Project, KU Leuven, Centre of Plasma-Astrophysics

__future__ import print_function, division
sunpy.time import parse_time

datetime import timedelta
sunpy.net.helioviewer import HelioviewerClient
rt matplotlib.pyplot as plt

rt astropy.units as u

astropy.coordinates import SkyCoord

rt sunpy.map

rt sunpy.data.sample

sunpy.physics.differential _rotation import solar_rotate_coordinate

HelioviewerClient() # initialize the helioviwer client
GetAllDataOfSun(y,x,date,total):

date = parse_time(date)
total=timedelta(days=total)

hpc_y = u.Quantity(y, u.arcsec)

hpc_x = u.Quantity(x, u.arcsec)

past_date = date - total

# Download the image of the initial date

filepath = hv.download_jp2(date, observatory='SDO',

instrument='AIA', detector='AIA', measurement='171")

manual_map = sunpy.map.Map((filepath))

# Dounload the new image of the date that we want to propagate the position
filepath2 = hv.download_jp2(past_date, observatory='SDO',

instrument='AIA', detector='AIA', measurement='171")

manual_map2 = sunpy.map.Map((filepath2))

#Initializing the Solar_rotated_Coordinate function to move the spot to its new location
start_coord = SkyCoord(hpc_x, hpc_y, frame=manua1_map.coordinate_frame)
coord = SkyCoord([start_coord.Tx], [start_coord.Ty], frame=manual_map.coordinate_frame)
rotated_coord_Final = solar_rotate_coordinate(start_coord, past_date)
SkyCoord([rotated_coord_Final.Tx],

coord_rotated_Final

[rotated_coord_Final.Ty], frame=manual_map2.coordinate_frame)

#plot the differences

fig = plt.figure()

fig.suptitle('The effect of {0} days of differential rotation'.format(total.days))
axl = fig.add_subplot(l, 2, 1, projection=manual_map)

90



manual_map.plot ()

axl.plot_coord(coord, 'x')

ax2 = fig.add_subplot(l, 2, 2, projection=manual_map2)
manual_map2.plot ()

ax2.plot_coord(coord_rotated_Final, 'x')

plt.show()

return
dt=3600 #/[Seconds] Frequency

total= 1 #[Days]
GetAllDataOfSun(-450,-450, '2013/02/13 12:40:00',total)

OUTPUT:

The effect of 1 days of differential rotation

AlA 171 A 2013-02-13 12:40:11 AlA 171 A 2013-02-12 12:39:59

Helioprojective Latitude (Solar-Y) [arcsec]
Helioprojective Latitude (Solar-Y) [arcsec]

-900.0 -450.0 0.0 450.0 900.0

-900.0 -450.0 0.0 450.0 900.0
Helioprojective Longitude (Solar-X) [arcsec] Helioprojective Longitude (Solar-X) [arcsec]

Figure 54: [Right]: How the Sun looks like in the given date. [Left]: How the Sun looks like 1
day before the date that was initialized as input. Special indication has been made to a specific
spot on the sun that is rotated according to the Sun’s differential rotation.

Tensorflow

Tensorflow is an open-source library in Python, mainly used for machine learning applications. It
is produced and developed by Google and was initially released in 2015. It uses dataflow graphs
across many machines in a cluster and therefore utilizing multiple CPUs and GPUs. As a result,

it was build for and is widely in distributed systems [1].
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Tensorflow as a library can be used as a GPU or a CPU Package. In our project a GPU version of

Tensorflow was used as the back-end, processing library of the Neural Network.

For the coding example, a general database that is commonly used in ML benchmark is utilized.
This database is called MNIST? and is an immense database of handwritten digits that is used
for training image processing systems [34]. A visualization of the MNIST database is shown in
Fig.55.
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Figure 55: An example of a few samples from the MNIST database. Figure Courtesy: Josef
Steppan, Source: https://en.wikipedia.org/wiki/MNIST_database

Code Example

An example of a code 3 can be seen below. On this example, the MNIST database is used and a

NN is implemented for its classification.

The NN in this example has:

* 4 Dense Layers (400 - 200 - 150 - 10 Neurons)

20penly accessible via https://www.kaggle.com/c/digit-recognizer/data, a more massive version called
EMNIST may also be found online.

3 The code is motivated from the work of Andy Thomas. More of his work and tutorials can be found in https:
//github.com/adventuresinML/adventures-in-ml-code.

92


https://en.wikipedia.org/wiki/MNIST_database
https://www.kaggle.com/c/digit-recognizer/data
https://github.com/adventuresinML/adventures-in-ml-code
https://github.com/adventuresinML/adventures-in-ml-code

© ® N e ;oA W N R

B R R A R W W W W W W W W W W DN NN N NN NN e e
QA W N H O © 0O R W HE O © NSO R W HE O © NSO W N = O

CODE:

mmn

@author: Savvas Raptis, SavvasRaptis@gmail.com

Original idea modified from Andy Thomas (http://adventuresinmachinelearning.com)

Machine Learning Project, KU Leuven, Centre of Plasma-Astrophysics

mmn

from tensorflow.examples.tutorials.mnist import input_data

import tensorflow as tf

# Downloading and inputing MNIST database
#one_hot= True makes the input binary. Eg 5 = 0000010000

mnist = input_data.read_data_sets("data/", one_hot=True)

# # Determine basic parameters of the dataset/model

learning_rate = 0.25 # a learning parameter

batch_size = 128 # samples that going to be propagated through the network.

epochs = 5 #How many times we read through the data

#Creating input and output placeholders for tensorflow

# anput = 28 = 28 pizels = 784

x = tf.placeholder(tf.float32, [None, 784])
# output = 10 digits = 10

y = tf.placeholder(tf.float32, [None, 10])

# our model will be a simple 3 hiddel layer deep neural network
L= 400 # Our hidden layer in that case has 400 neurons
M= 200 # Our hidden layer in that case has 200 neurons
N = 150# Our hidden layer in that case has 150 neurons

# Decalting weight and biases from the input to the 1st hiddel layer

#When using reou, biases should have small *positive* wvalues for example 0.01

wl = tf.Variable(tf.random_normal ([784, L], stddev=0.01), name='wl')
bl = tf.Variable(tf.random_normal ([L]), name='bi')

# Decalting weight and biases from the 1st hidden to the 2nd layer
w2 = tf.Variable(tf.random_normal ([L, M], stddev=0.01), name='w2')
b2 tf.Variable (tf.random_normal ([M]), name='b2')

# Decalting weight and biases from the 2nd hidden to the 3rd layer
w3 = tf.Variable(tf.random_normal ([M, N], stddev=0.01), name='w3')
b3 = tf.Variable(tf.random_normal ([N]), name='b3')

# Decalting weight and biases from the 2nd hidden to the output layer
w4 = tf.Variable(tf.random_normal ([N, 10], stddev=0.01), name='w3")
b4 = tf.Variable(tf.random_normal ([10]), name='b3')

# calculate the output of the 1st hidden layer
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hidden_out =
hidden_out =
# calculate
hidden_out2
hidden_out2

# calculate
hidden_out3
hidden_out3

tf.add (tf.matmul (x, wil), bl)

tf.nn.relu(hidden_out) #Using a Relu activation function
the output of the 2nd hidden layer

= tf.add(tf.matmul (hidden_out, w2), b2)

= tf.nn.relu(hidden_out2) #Using a Relu activation function

the output of the 2nd hidden layer
= tf.add(tf.matmul (hidden_out2, w3), b3)

= tf.nn.relu(hidden_out3) #Using a Relu activation function

#since we have a classification problem we use as the last activation function

#a softmax t

y_result = t

yresult_clip

o classify between the last 10 neurons/classes
f.nn.softmax (tf.add (tf.matmul (hidden_out3, w4), b4))

ped = tf.clip_by_value(y_result, le-10, 0.9999999)

#ensuring that we dont' get nan wvalues

#Cross Entrp

cross_entrop

# including
optimiser =

learning_rat

# using an 1%

initializer

y calculation
y = -tf.reduce_mean(tf.reduce_sum(y * tf.log(yresult_clipped)
+ (1 - y) * tf.log(1l - yresult_clipped), axis=1))

an optimizer for the training process
tf.train.GradientDescentOptimizer (

e=learning_rate) .minimize(cross_entropy)

nittalizer

= tf.global_variables_initializer()

# deifning how the accuracy is calculated

correct_pred

Total_accura

1

iction = tf.equal(tf.argmax(y, 1), tf.argmax(yresult_clipped, 1))

cy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))

TRAINING PROCESS

1

# starting t
with tf.Sess
# anitial
sess.run(
total_bat
for epoch
aver

for

he training session

ion() as sess:

1se the wariables

initializer)

ch = int(len(mnist.train.labels) / batch_size)
in range(0,epochs):

age = 0

i in range(total_batch):

#using batches for z and y

bx, by = mnist.train.next_batch(batch_size=batch_size)
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95
96
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#Running the session with optimizer/cross_entropy/data parameters set
g, ¢ = sess.run([optimiser, cross_entropyl],
feed_dict={x: bx, y: by})

#Calculating the average result on each epoch

average += c¢ / total_batch

print ("Epoch, Number", (epoch + 1), ":average cost =", "{:.4f}".format(average))

print(sess.run(Total_accuracy, feed_dict={x: mnist.test.images, y: mnist.test.labels}))

OUTPUT:

Epoch, Number :average cost = 2.8782

Epoch, Number :average cost = 0.8372
Epoch, Number :average cost = 0.3230

Epoch, Number :average cost = 0.2121

O W N

Epoch, Number
0.9703

:average cost = 0.1680

In this example, by using just 5 epoch, a 97% accuracy with a deep neural network is achieved,

which is already a very satisfactory result.

Keras

Keras* is a high-leve API (Application Programming Interface), written in Python, capable of
running on top of TensorFlow. it is mainly designed to empower fast experimentation with deep

neural networks with using simple syntax [22].

A common criticism of Keras is that it makes things "too" easy. On the other hand, Keras provides
the user with all the building blocks they need to test different neural network architecture on
their dataset.

Code Example

An example of a code can be seen below. On this example, using again the MNIST database, a

CNN is implemented.

The CNN in this example has:

¢ 2 Convolution Layers

4Keras was initially developed as part of project ONEIROS (Open-ended Neuro-Electronic Intelligent Robot
Operating System)
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¢ 1 Max Pooling Layer
* 2 Dense Layers (128 & 10 Neurons)

* Dropout Regularization technique

CODE:

mmn

@author: Savvas Raptis, SavvasRaptis@gmail.com

Machine Learning Project, KU Leuven, Centre of Plasma-Astrophysics

mwmn

import keras

from keras.datasets import mnist

from keras.models import Sequential

from keras.layers import Dense, Dropout, Flatten

from keras.layers import MaxPooling2D, Conv2D

from keras.layers.advanced_activations import LeakyReLU

from keras import backend as K

# Determine basic parameters of the dataset

batch_size = 128 # samples that going to be propagated through the network.
num_classes = 10 #How many classes we are classifying in our problem
epochs = 5 #How many times we read through the data

verbose = 1 #Method of showing training process 1 takes more time

# input image dimensions (MNIST database is normalized to 28z28 pizels)

img_rows, img_cols = 28, 28

# the data, split between train and test sets

(x_train, y_train), (x_test, y_test) = mnist.load_data()

1

Data Transformation, checking if the shapes of the matriz is correct to

impliment the Neural Network

oy

if K.image_data_format() == 'channels_first':
x_train = x_train.reshape(x_train.shape[0], 1, img_rows, img_cols)
x_test = x_test.reshape(x_test.shape[0], 1, img_rows, img_cols)
input_shape = (1, img_rows, img_cols)

else:
x_train = x_train.reshape(x_train.shape[0], img_rows, img_cols, 1)
x_test = x_test.reshape(x_test.shape[0], img_rows, img_cols, 1)

input_shape = (img_rows, img_cols, 1)

X_train = x_train.astype('float32')
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x_test = x_test.astype('float32')
X_train /= 255
x_test /= 255

print('x_train shape:', x_train.shape)

print(x_train.shape[0], 'train samples')

print (x_test.shape[0], 'test samples')

# convert class wvectors to binary class matrices

y_train = keras.utils.to_categorical(y_train, num_classes)

y_test = keras.utils.to_categorical(y_test, num_classes)

1

Model

The first of the last two dense layers works as a normal network and the last

one ©s using softmax activation to derive one of the 10 classification classes.

There ts also a dropout method implementation to increase accuracy and

Creation: In this example we have 2 Convolution layer and 2 dense layers.

regularize our data.

1

model

model .

model

model.
model.
model.
model.
model.
model.
model.

model .

model

model.

= Sequential()
add(Conv2D (32, kernel_size=(3, 3),
input_shape=input_shape))

.add(LeakyReLU(alpha=.01))

add(Conv2D (64, (3, 3)))
add(LeakyReLU(alpha=.01))

add (MaxPooling2D(pool_size=(2, 2)))
add (Dropout (0.25))

add(Flatten())

add (Dense (128))
add(LeakyReLU(alpha=.01))

add (Dropout (0.5))

.add (Dense (num_classes, activation='softmax'))

compilation and training proccedure

.compile(loss=keras.losses.categorical_crossentropy,

optimizer=keras.optimizers.Adadelta(),

metrics=['accuracy'])

fit(x_train, y_train,
batch_size=batch_size,
epochs=epochs,
verbose=verbose,

validation_data=(x_test, y_test))
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score = model.evaluate(x_test, y_test, verbose=0)

o

Printing the result

1

print('Test loss:', scorel[0])

print ('Test accuracy:', score[1])

OUTPUT:

x_train shape: (60000, 28, 28, 1)

60000 train samples

10000 test samples

Train on 60000 samples, validate on 10000 samples

Epoch 1/5

60000/60000 [ ] - 166s 3ms/step - loss: 0.2485
val_loss: 0.0557 - val_acc: 0.9814

Epoch 2/5

60000/60000 [ ] - 152s 3ms/step - loss: 0.0863
val_loss: 0.0387 - val_acc: 0.9869

Epoch 3/5
60000/60000 [
val_loss: 0.0371 - val_acc: 0.9871

Epoch 4/5

60000/60000 [ ] - 167s 3ms/step - loss: 0.0531
val_loss: 0.0325 - val_acc: 0.9889

Epoch 5/5

60000/60000 [ ] - 180s 3ms/step - loss: 0.0452
val_loss: 0.0290 - val_acc: 0.9907

—
I

154s 3ms/step - loss: 0.0667

Test loss: 0.028962729370724263
Test accuracy: 0.9907

acc:

acc:

acc:

acc:

acc:

0.9226

0.9740

0.9799

0.9841

0.9862

By using just 5 epoch, An accuracy, bigger than 99% was acvieved. The network utilized,
LeakyReLU activation functions and the dropout method. Comparing this result with the 97 %

that was received in the tensorflow example code, it is immediately shown that the advantage of

CNN in image related ML problems is significant.

Other Machine Learning & A.L Libraries

Theano, Pytorch & CNTK are three libraries that were not studied nor used during this work

however, they are also widely used in the Machine learning community.
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Theano, originally developed at the Université de Montréal,” is one of the oldest and most stable
libraries for ML algorithms used in Python. It is an open source project that is widely used
throughout academia and industry [12]. Although recently Theano lost its momentum because
major development stopped, it is still a very stable and safe option. Theano is a low level library
that can be used amazingly well for education purpose and for deriving a deeper understanding
of the concepts and the mathematics behind NN.

Pytorch is an open-source ML library for Python, based on the previously made, Torch library
and primary developed by Facebook. Torch was originally designed for lua language but was later
dropped and transformed to Pytorch [64]. Pytorch is gaining a lot of popularity in the last year
(2017) because compared to the other popular libraries, it supports dynamic computation graphs
[64].

CNTK® (Microsoft Cognitive Toolkit) is an open source toolkit developed by Microsoft, that uses

directed graphs in order to describe neural networks [108].

5Link: http://deeplearning.net/software/theano
bhttps://www.microsoft.com/en-us/cognitive-toolkit/
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