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Solar radio observations have been recorded over the last few decades and it
has become crucial to automate the image processing and feature detection
pipeline. Metsahovi Radio Observatory has recorded solar radio observations
for nearly 40 years. Such a long span of solar radio dataset is quite a rare
and will produce unique information on the solar radio disturbances when
analysed thoroughly with modern artificial intelligence methods.

In this thesis, an end-to-end process has been developed which includes clas-
sification, processing and analysis of the solar radio maps observed at 37 GHz
from January 1996 to December 2018. We generated solar radio maps out of
the raw observations, detected different solar bright or quiet features, com-
pared the features with other solar datasets and finally produced long term
quantitative and morphology analysis of the detected features. Analysis with
different available methods for interpolation, thresholding, clustering gave a
better idea about the dataset itself as well as about the effectiveness of the
processing techniques. Supervised classification for removal of cloud affected
observations helped improving the algorithms.

Active regions and coronal mass ejections were found to be easily detectable
around the limb in Metsahovi observations. Radio brightenings were observed
not only at same locations as active regions, but in addition, at high latitudes.
Enhanced brightness in the polar region confirmed the earlier claims about
polar cap brightening in mm-wavelength observations. The complex magnetic
regions were found to produce the most intense radio brightenings.
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SOHO
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Metsahovi Radio Observatory

Metséahovi Radio Telescope 14 metre diameter
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Computer Aided CME Tracking software
Solar Region Summary
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Quiet Region
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millimetre

Convolutional Neural Network
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Chapter 1

Introduction

Halloween solar storm(2003) is a well known phenomena that made the satellite
SOHO fail temporarily, damaged the satellite ACE and ended the lifetime of
the satellite ADEOS II destroying its power supply [1]. Around 59% of space-
earth missions were havily affected by the intesne soalr flare [2]. Not to forget,
it caused around 1 hour power supply outage in Sweden [2].

Despite Sun being the source of life on the earth, our existence is threat-
ened by extreme solar radiation. The near earth space-weather is primarily
dependant on the solar activity. Energetic particles coming from the Sun can
cause failure in satellites’ electronics systems. Strong electromagnetic emissions
during solar flare events give rise to radio blackouts disrupting our ground and
space based communication systems. Solar coronal mass ejection induces the
high geomagnetic current engenders threat to astronauts’ lives, failure of power
grids and degradation in the navigation system. Therefore, it is vital for us to
understand the behaviour of the Sun better and detect the disruptive activities
beforehand to be able to take necessary safety precautions. This necessity has
driven mankind to study the Sun in different wavelengths of electromagnetic
spectrum to understand both the periodic and abrupt nature of solar activity.

The Sun is the most prominent and powerful radio source in our solar
system, even in its quiet state. The large atmospheric window makes radio
wavelength less hindered to reach the earth. Thus, it is practical to employ
more observational and resreach possibilities to study the radio emission of the
sun. The wave-particle dual nature of radio emission allows the measurement
in both phase and amplitude, resulting in numerous high resolution images
which ensure the study of the Sun in radio frequencies [3].

Solar radio astronomy is relatively a new field as the Sun was not anticipated
to have activity happening in radio frequency. As a result, background radio
emission of the Big Bang could get recorded even before detecting any radio
events from the closest star we have. Though the base of theoretical radio
physics took place in the era of the famous scientist James Clerk Maxwell,
but due to not so developed receiving techniques and overlook of ionospheric
screening, radio emission from any celestial bodies remained unsuccessful for
a long time [4]. World War II holds the evidence of first solar radio event
detection as a strong radio noise was detected by a receiver in England. The
assumption of the noise being solar radio emission was supported by the huge
chunk of visible sunspots observable on the solar disc. Hey and Southworth
both are accountable for the detection of first ever solar radio emission in
1942 [5]. However, the nature of their detections was completely different.
The former discovery could actually understood the base of non-thermal radio
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interference coming from the sun [6|, whereas the later detected the thermal
emission in different microwave range [7]. Post war environment gave birth to
the proper research in solar radio observations owing to the abrupt discoveries
during the war.

It’s been a long time that Metsdhovi Radio Observatory is engaged in ob-
serving the radio emission of the Sun. Scientific research conducted at the
observatory provides valuable information like the size of active regions in ra-
dio observation [8], long term variability in solar brightening [9], radio emission
analysis of solar flare [10], evolution of solar prominence in millimetre wave-
length [11] and many more. As in general, solar features in radio wavelength
have not been studied widely, it’s important to improve our knowledge about
the Sun using radio observation. The study of the long term Metsdhovi obser-
vations can provide fruitful information to the scientific community in finding
new insights about the Sun.

Problem Statement

Creation of an automatic tool that will list and categorize solar features from

Solar Radio Maps. The script should also discard different possible erroneous
files.

Motivation of the Work

The idea behind the thesis work is to make the long span of solar data public,
and available to the scientific community for further research. At present,
there is a tailor made MATLAB based ’Sunmap’ software which helps to give
command to the telescope and find probable features from the observation
using its graphical interface. It would be useful to reduce necessary manual
effort in producing reports and analysis with that very software. Especially,
there is no automation d employed to segregate the weather affected files. Even
though radio observation suffer less from the atmospheric distortion than that
of the visible light, cloud cover is still a dominant issue, especially when the
detection system is to be automated. In the thesis, we have tried to discard
different possible sources of error and build an automatic system which would
be capable of creating a solar catalogue with the metadata of detected radio
brightenings and diminings. Further scientific analysis has been carried out to
understand the variability of the solar radio features.

Structure of the Thesis

Starting with an introductory discussion about the field in general, the thesis
presents a theoretical overview of the Sun, solar events and solar radio mech-
anism in the second chapter. The chapter also gives a review about different



image processing techniques and relevant algorithms already in practice for this
domain. Information about data and the instrument in the observatory, along
with a brief introduction about different data sources have been written in the
37? chapter. 4" chapter explains the main methodology of the work whereas
the results are given and analysed in the 5 chapter. The consequent chapter
addresses the difficulties in finalising the algorithm, reliability of the work and
errors those are still present in the work. In the last chapter, we have concluded
the thesis with some ideas to improve the work in near future.



Chapter 2
Background

2.1 Overview of the Sun

2.1.1 The Sun and the Solar Cycle

Unlike planets, it is difficult to structure a star, so the Sun. The Sun does
not have any specific barrier which the interior and exterior part can be dif-
ferentiated by. By definition, stars have not cooled down as planets to form
hard shield on top of it. On a broader note, the part of the Sun we actually
see is called the photosphere. It is the place where major solar events can be
observed. Below the photosphere, the Sun is modelled to have three inner lay-
ers - the convective zone, the radiative zone and the core. Core, the hottest
part of the Sun where Hydrogen is constantly being converted to Helium via
nuclear fusion reaction, is responsible for the huge energy of the Sun alike other
stars. The generated energy from the core comes upward by thermal radiation
of photons. Hence, the part is called radiative zone. The outer layer of the
solar interior is named after the convection mode of energy flow which moves
in circular motion from downward to upward.

Internal structure:
core
radiative zone Subsurface flows

convection zone

Photosphere

/ tf | “ Sun spots
Prominence ¥ [ | :‘.

Flare

Coronal Hole 2 e .
—— e - Chromosphere

i

Figure 2.1: Structure of the Sun!

Corona

!Credit: https://scied.ucar.edu/sun-regions
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Outside of the so-called solar surface, there starts the solar atmosphere.
The part that connects the photosphere and outer atmosphere is called chro-
mosphere. The plasma density in this region is quite low than that of the pho-
tosphere. Bright photosphere region shadows the thin chromosphere and that
is the reason chromosphere is not visible to our eyes other than solar eclipse.
Likely temperature in chromosphere starts decreasing with the height from the
surface of the Sun. Nevertheless, to the utter surprise, the temperature starts
rising again at the transition layer with the upper atmosphere or Corona. The
temperature of the corona is even higher than that of the photosphere and the
reason is yet to be proved. Corona extends to the interplanetary magnetic field
and gives birth to the solar wind. Solar wind is the flow of low energy plasma
that is coming continuously towards earth and all the other planets from the
Sun with an average speed of around 450 km/s.

Rotational core of conducting fluid generates magnetic field of the Sun.
Strength of this magnetic field is not uniform over the entire Sun. At times,
there are regions with intensely strong magnetic field which cause different
destructive solar storms. Such regions are termed as Active Region. The regions
with average or lower magnetic intensity are known to be Quiet Region. It is
quite obvious that during solar maxima, we see more number of active regions
which basically hold the reason of Sun’s devastating behaviour. Active regions
appear bright in visible, x-ray, ultraviolet and radio frequency.

Primarily the active Sun has been studied with the presence of Sunspots,
some dark regions those can be seen on the solar surface even with naked eye.
Sunspots appear dark because the temperature of those regions are lower than
the rest of the Sun. The intense magnetic activity pushes the plasma down to
the inner Sun and makes the region appear dark. This intense regions are the
contain possibilities for major solar storms like coronal mass ejection or solar
flares. Solar prominences or filaments are quite common to be appearing near
these intense region. They are half circular loop like structures of plasma on top
of the solar surface. These plasma structures appear brighter when located on
the edge of the Sun against the dark sky and are called Prominences. Contrar-
ily, when we see them against the bright Sun, the structures appear alike dark
narrow regions and are termed as Solar Filaments. These prominences usually
occur quite near to the photosphere. Over time, prominences grow larger and
expand to the corona becoming Coronal loops. Highly intense magnetic activ-
ity, at times, tangles those plasma loops. Breaking of such loops releases huge
amount of plasma to the interplanetary space. This phenomenon is known
to be Coronal Mass Ejection (CME). This is an incident of highly energised
plasma material injection which most of the time happens along with emission
of huge explosion of electromagnetic radiation termed as solar Flares. They
appear as abrupt brightening on the Sun’s surface. Active regions generally
give birth to the major solar activities.
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Solar Cycle: Even before the advent of good telescopes, ground based
or space-borne, people have been studying and relating solar activities by the
sunspots observed with naked eye. Such observations for a very long span of
time makes study of the long term solar variability possible. Sunspots usually
follow a cyclic trend of around 11 years. This is called sunspot cycle (analogous
to solar cycle) which was discovered in 1843. The absolute length of the cycle
might vary from 9 years to 14 years. When the sunspot count is really low, the
period is called solar minimmm. Naturally, solar maximum refers to the time
when sunspot count reaches its peak. The cycle not only indicates the variation
in the count of the sunspots, but also indicates the location of the sunspots
on the solar disc. At the beginning of the solar cycle, sunspots usually appear
within 30° to 45° latitude of both the hemispheres [12]. As the cycle proceeds,
the sunspots start appearing closer to the equator. Graphically, this latitudinal
change in sunspots’ location produces the well known "butterfly diagram’.

The reason behind the peak and fall in sunspot numbers is the change in the
Sun’s magnetic field. The magnetic orientations of solar northern and southern
hemispheres flip over this time. In another 11 years, the magnetic orientation
is flipped again and comes back to the initial stage. Therefore, the solar cycle
with respect to the orientation of magnetic field of the Sun is around 22 years
or 2 sunspot cycles. Apart from the usual cycles, the years 1645 to 1715 showed
peculiarly small number of sunspots. This time period is known as Maunder
Minimum.

2.1.2 Solar Coordinate System

The Sun being a gaseous body does not have a point of reference. In addition,
different parts of the Sun rotate with different speed. This differential rotational
rate does not only depend on the latitudes but also on the magnetic strength of
the solar features. For example, an active regions, would travel slower than a
solar filament, due to its intense magnetic structure latched to the photosphere
[13].

Heliographic coordinate system(HCS) is one of the most common coordinate
systems to define solar coordinates. It projects solar features on the surface of
the Sun using latitude, longitude and the distance of the feature from the origin
of the Sun. The most well known versions of the HCS are Stonyhurst Helio-
graphic Coordinate (SHC) system and Carrington Coordinate System (CCS).
SHC is a fixed coordinate system with respect to the earth. The origin lies
where the equator of the Sun and the central meridian intersects. CCS is an
extension of the HCS where the Sun is considered to be rotating at mean solar
rotational rate which is known to be the Carrington rotation [14]. CCS has
the sidereal period and the average synodic period of 25.38 and 27.2753 days,
respectively [15]. Every 27.21 to 27.34 days marks a new Carrington rotation
[13]. This is when prime meridian of CCS with central meridian observed form
the earth coincide with each other. These rotations have incremental numbers
starting from 9** November, 1853.
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Despite the popularity, HCS suffers from erroneous definition. Observations
of different wavelengths produce differently sized Sun. It makes the distance
from the origin of the Sun different for different observations. Other than the
photospheric solar features, all features, observed in corona and chromosphere,
are to be projected on the solar surface. This process makes the latitude and
longitude of any chromospheric or corona feature a bit different from its true
location.

2.1.3 Solar Radio Emission

Radio emission mechanism primarily can be of three types - Gyroemission
which could be further subdivided to thermal and non thermal kinds, Thermal
free-free emission and Plasma emission. It could be assumed to be a two fold
process of electrostatic collision happening at or around plasma frequency fol-
lowed by a wave-wave interaction leading to conversion of Langmuir wave to
electromagnetic radiation. In the presence of magnetic field, an electron accel-
erates in a spiral motion perpendicular to the instantaneous electron velocity
due to the act of Lorentz force. The frequency at which the electron gyrates
inside the magnetic field is called Gyrofrequency and it generates radiation
called Gyroemission. When an electron collides with an ion, it radiates elec-
tromagnetic radiation because of being accelerated by the Coulomb field. This
is known as free-free Bremsstrahlung emission. Plasma emission happens due
to shocks or propagation of unstable high energy electrons converting longitu-
dinal oscillations to transverse oscillation. Plasma emissions are normally very
bright as they occur at the fundamental or harmonics of the plasma frequency.

1071% T T G g ]
ENVELOPE OF
LARGEST BURSTS ,-’
W =
L. \ LARGE BURST
e -8 | ‘-_ ’."
z y
o
L o QUIET SUN
g |l o ]
= LARGE STORMS
o
- 10720 N
=
T e el e )
.‘0721 = // —
-
S-COMP.
10-27 E o
.‘0—73 | 1 | 1 J
1073 10°2 10! 1 10 102

WAVELENGTH [m]

Figure 2.2: Solar radio spectrum [15]
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The brightness temperature increases around 100 times from the infra-red
to radio transition [15]. Figure 2.2 shows Sun’s radio spectrum indicating
differences in radio flux densities with respect to change in radio wavelength.
Slowly varying component of solar radio spectrum, thermal in nature, clearly
follows the 11 year solar cycle [16], [15]. Though the radio bursts produce huge
flux deviation from that of the quiet Sun level (QSL), and also deviates from
the normal spectrum, frequency of its appearance follows the solar cycle [16],
citepstix2012sun. Origin of the radio burst is not restricted to any particular
radiation type. Radio bursts are spectrally classified commonly in the meter
wave range (type I to type V). The most commonly observed solar radio activity
is Type III bursts [16]. Nature of the burst component in decimetre range is
complex with high temporal variations whereas centimetre range solar burst
shows less variation than that of the other wavelength ranges. Centimetre
wavelength radio bursts corresponds to either impulsive or gradual bursts.

1000 £ - rorrreaproveremp oo | e
- T
E Earth 1AU & 3 o
= < =
2 g =108
—i § g 2 7
® : f & 3 3 g 3
e L R & g g & 4 g
= T a & 2 =107 X
S 0L £ g 8 E =
=] 2 @ < g g 3 @
L2 E fe=1 T g @ 2 ] g
g § 3 ] £
© o 5 =108 3
E T S 3 e
b g © ] 3
o - ] o
3 i 5
8 o1l 100 =
© 3 1 ©
—— = 1 (]
£ ~ g
=2 r Corona a =
D i - 104
L o001 3
g ~. 7
E Transition Region ]
i Chromosphere “~_l103
0.001 poacgernile g ow pyveld oo .......\p R MR AT I ~Neom 10
10kHz 100 kHz 1 MHz 10MHz 100 MHz 1GHz  10GHz 100 GHz
Frequency

Figure 2.3: Type of emission at different solar radii distance[17]

We observe different kinds of radio emission from different altitudes of solar
atmosphere. Figure 2.3 shows variation in solar radio emission mechanism as
a function of height of the plasma as well as gyromagnetic frequencies. Ra-
dio emission from the quiet Sun is mostly due to the free—free bremsstrahlung
mechanism and at the same time highly dependant on the plasma density, opac-
ity and the localised temperature ; emissions coming from the active regions
are of gyroresonance and free—free bremsstréahlung type due to the high density
plasma and strong magnetic field; and for solar flares, the emission is generally
the coherent wave in nature [18|. Plasma of prominences emit free-free thermal
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emission which makes it prominent to be imaged in radio imagery especially
outside the solar disc [19].

Radio Telescope acts as a receiver to gather and concentrate emitted radio
photons from the source [20]. It can be either single dish antenna or interfero-
metric arrangement. Received power per solid angle unit, per square meter, per
frequency is termed as intensity. Integrating it over the solid angle subtended
by the source gives the spectral flux density. Considering the fact that most of
the celestial bodies emit very weak radio signal, the unit Jansky (Jy) has been
defined to be 107%% times the spectral flux density. Sun being the strongest
radio emitting source in our sky, a special unit has been defined named solar
flux units (SFU) which is 10* times the Jansky. Power received at the end of
antenna is given by equation 2.1.

Preceived - FSun X Aantenna (21>

where Fg,, = Solar Power Flux Density and A,,eno= Effective area of the
antenna

Solar Observations at Millimetre Wavelength

The Sun appears to be almost in circular shape in millimetre (mm) range unlike
in centimetre range [21]. Radio imaging of the Sun provides valid information as
it falls under the Raleigh-Jeans criteria and thus adheres to the black body ra-
diation law. Enormous heat is produced in the chromosphere by the interacting
magnetic fields. Naturally solar activities, related to the strong magnetic field,
will appear as bright pixels in the image[22]. Millimetre wavelength observation
lacks the proper modelling of radio emission of the sunspots as it requires very
high spatial resolution to segregate the radio intensity of the sunspot from its
surrounding intensity [23]. Sub-mm wavelength penetrates deeper to the solar
atmosphere reaching near to the photosphere but mm wavelength observation
is confined to the radio brightness at the chromospheric level. There are three
major components of solar radiation at mm wavelength : thermal component
from the quiet Sun, a slowly varying component from active regions and solar
burst component with either a gradually increasing and decreasing trend or
with an abrupt outburst [24]. Coates, in this paper [24], demonstrated a very
interesting observation indicating mm wavelength observation as a good source
for solar flare prediction. He found an increase in absolute radio brightening
from some plage area which produced solar flares almost after 11 hours to 1 day.
He also found the plage regions to appear more bright than the other active
regions in mm radio observation. Kundu and White [25] also suggested that
mm wavelength observation of solar flares could be a great source for detecting
solar flares.

Prominences have been widely studied with Ha imagery. With the advent
of high resolution radio telescopes, prominences are studied in radio wavelength
as well. Hanaoka et al. demonstrated that radio observation could provide
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valuable information, regarding the quantitative analysis of prominence’s ex-
panding fine threads with its non expanding counterpart, which is unlikely to
be found from Ho observations [26]. The presence of prominence is also found
to be correlated with the eruption of CME[19].

Behaviour of coronal hole is reported to be strange and ambiguous in mm
wavelength observations. Although, majority of studies reported in favour of
intensity depression of coronal holes, coronal holes were reported to be bright
[27] for some specific wavelength’s observations. Kundu et al. [28] reported the
coronal holes to have brightness temperature around 200 k less than that of
the quiet Sun level for 3.5 mm observation. Gopalswamy et al. illustrated the
enhanced radio brightening [29] of coronal holes to be linked to the unipolar
magnetic structure of photosphere underneath the coronal hole. A summary
of coronal hole’s brightness temperature in mm radio observation by Brajsa
et al. showed that coronal holes were usually low intensity regions but seldom
appeared with localised enhanced brightness [30]. Increment of density in the
upper chromosphere and transient region possibly because of plumes, faculae
or coronal condensation was proposed as a reason in that work to explain the
increased temperature of coronal holes that was especially observable from the
transient region.

Polar cap brightening have been reported to be a physical phenomenon re-
lated to the polar atmosphere of the Sun itself rather than the active regions
[31]. Kundu and McCullough first reported about such high intensity observed
around the solar north pole by 9.5 mm wavelength observation [32]. Babin et
al. presented the initial analysis of the polar intensity of the Sun for three
months in 1974 observed with Crimean telescope. They found polar regions to
have enhanced brightness of around 200 K in both 8 mm and 13.5 mm wave-
length [33]. This study leaded to further longer term investigation by Efanov
et al. [34], [35] where they found the polar regions to be more active during
the declining phase of the solar cycle. There was no evidence of polar cap
brightening from 1986 to 1972 in their study whereas increase in polar region
intensity started appearing since 1972. In 1986, Kosugi et al. observed few
interesting phenomena at the Nobeyama Radio Observatory with telescopes
operating at 36 GHz and 17 GHZ. They found very quiet regions sometimes
related to the Ha dark filament, bright regions corresponding to the coronal
holes and Ha plages. Their observation further showed around 7% increase in
the brightness temperature of the polar cap at 36 GHz but did not show any
such increment in brightness at 17 GHz [31]. At the same time, an equatorial
coronal whole showed around 5% increase in the brightness but no limb bright-
ening was observed around the equatorial limb. Kosugi et al. thus suggested
that both the coronal hole and polar cap brightening were manifestation of
a single phenomenon which was related to the different temperatures of coro-
nal holes in the upper chromosphere [31]. Hiei, in 1987, further concluded
that the phenomenon still might be due to the limb brightening effect in mm
wavelength radio observation [36] as the existing polar atmospheric model in
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EUV observation failed to explain the scenario. It is well known though that
the polar regions are mostly covered with coronal hole except during the solar
maximum. The studies [34], [35] and especially [31] mentioned above, strongly
suggested that the polar cap brightening and the coronal hole brightening were
basically the same. More recent study by Riehokainen et al. [37] correlated
the enhanced radio brightening at the higher latitudes with the local magnetic
field of clustered polar faculae.

2.2 Analytical Algorithms

Calibrating the Solar Radiance with respect to the New Moon: Though
calibration of a telescope, is not part of the image processing techniques, we
briefly discuss the method as it is a crucial step to be able to acquire reliable
data. Solar radio observation, especially millimetre wavelength observation
showed unacceptable trend of data scattering to a great extent making it un-
realistic to be linked to the variation of solar activities over any solar cycle
span [38]. In 1971, Wrixon and Hogg [39], pointed out that measuring solar
radiance could be more accurate if it is measured by an antenna having beam-
width same as the solar angular size, rather than self-calibrating with respect
to a quiet region around its centre. In that process, the antenna needs to be
calibrated with another source with almost same angular size of the Sun. Well
known mean temperature, almost steady mean temperature over time and a
wide span of wavelength range make the moon suitable enough as the standard
in the calibration technique, despite its spatial and day-to-day variation [40].

Tg(Sun)  Ta(Sun)— Ts(Atmos)
Te(Moon) — Ta(Moon) — Ta(Atmos)

(2.2)

Kuseski and Swanson, in the paper [41], has explained in detail how to
perform the calibration to remove the atmospheric effect easily even without
knowing accurate beam-pattern and the gain of the antenna. The obtained for-
mula can be seen from equation 2.2 where T4 refers to antenna temperature,
T'p refers to the brightness temperature. As it is possible to observe both the
Sun and the Moon from the equal zenith angle following each other continu-
ously, the added atmospheric effect can be nullified measuring solar variations
with respect to the quite known and stable emission of the moon. Though it
is to be noted that calibration process in mm wavelength is more difficult due
to the presence of absorption feature around this wavelength range [38].

2.2.1 Classical Image Processing Techniques

Review article by Aaschwanden compiles majority of the relevant digital image
processing techniques used in the field of solar astronomy [42|. The automatic
techniques available for filament or coronal hole detection gives a better idea
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of image processing as it is difficult to differentiate between dark pixels and it
can get mixed with the background [42].

Image Preprocessing

PSF Deconvolution In solar astronomy, a resultant image, the convoluted
space of the observing signal and the point spread function (PSF) of the tele-
scope, is often called a ’dirty image’ [43]. To enhance the radiance received, the
constructed image should be deconvolved with the PSF. The PSF function is
either a priori or can be estimated. Then, there is blind deconvolution method
where it does not require to know the point distribution function of a telescope.
Popular deconvolution methods in solar astronomy involve Richardson-Lucy
algorithm [44], scaled gradient projection (SGP) algorithm [45], CLEAN al-
gorithm [46], [47]. This procedure deblurs an astronomical image increasing
substantial contrast enhancement and removing the scattered light from the
calibrated images [48]. Use of modern algorithms for image reconstruction is
gaining popularity these days. The ability of deep neural networks to construct
images in astronomical images has been investigated by Flamary [49], Xu et
al. [50].

Limb Darkening Removal is a well known preprocessing technique for
solar digital imagery. In most of the visible light solar images, pixel towards the
limb looks apparently darker than that of the centre. This effect is termed to
be limb darkening. When observer observes the centre of the Sun, one sees the
Sun with its full depth of the atmosphere but around the limb, one sees only the
cooler upper atmosphere. A detailed procedure for removing limb darkening
can be found in article by Qahwaji et al. [22]. The governing formula can be
expressed by equation 2.3

PiZpre(a, b)
1 — [px(l — cosB)| — [v times(1 — cos?(0))]]

DI finar(a, b) = [ (2.3)

D
0 = in — 2.4
arcsin = (2.4)

i and v are wavelength dependant constants. The angle 8, is the angle
between the solar radius and line of sight at the centre, has been determined
by the equation 2.4 with two parameters- radius (R) and the shortest distance
(D) of the pixel from the centre of the Sun. Mean of the radius values in the
east,west, north, south direction from the centroid of the disc are taken as the
radius. It gives a good approximation when the image is not uniform. Equation
2.4 assigns new, rectified pixel values to the old pixels. Limb darkening removal
is a very important procedure to follow while finding the dark regions like
filament or coronal holes but not mandatory for bright region detection in
visible light observation.



2.2. ANALYTICAL ALGORITHMS 13

Limb Brightening Removal is necessary for the solar observations mon-
itoring the solar chromosphere and corona. Observations made in radio, ultra-
violet and x-ray, see an opposite effect than in visible light, where intensity pro-
file keeps on increasing towards the limb from the centre due to increase in the
length of line-of-sight path. Correction procedure for standardising the inten-
sity has been discussed by Selhorst et al. [51], Caplan et al. [48], Chargeishvili
et al. [52]. Histogram adjustment procedure was followed by Chargeishvili et
al. where the image was standardised by using Bartlett transformation [53]
with square root of the pixel intensity making the histogram more similar to a
normal distribution; removing extremely low intensity points and normalising
the intensity dividing the pixel intensity by half of the median intensity value.
Further inhomogeneity was removed either by averaging intensity profile with
a moving mean filter from centre to the limb in horizontal direction or by mean
composite of consecutive images.

Image Segmentation

Primarily segmented images are the results of image thresholding. There are
different kinds of image thresholding techniques like Mean Threshold, P-Tile
Threshold, Histogram Dependant Threshold, Edge Maximization threshold and
so on [54]. Use of a global threshold for finding a feature might result into
spurious features whereas an increased value of threshold might lead to loss
of information [55]. For automatic solar filament detection, Gao et al. used a
thresholdnig tcchnique which thresholded the image by both the intensity value
and number of pixel together [56]. Intensity of the solar images was thresholded
with respect to the median value of the image forming a binary mask. This
thrsholding technique did not perform that well. Thus a better determination
of threshold value (see equation 2.5) was proposed by Qahwaji [22].

Thresui[oHr(l—:) X 0| (2.5)

The £ sign in the equation (2.5) was respectively for active region and
filament detection and to determine the constant o which depends on the type
of feature to be detected. p denoted the mean and ¢ denoted the standard
deviation. For active regions, a = 2 whereas for filament detection it is
given hv v = %

Veronig et al. used a combination of region based and edge based image
segmentation method [57] for real-time and automatic detection of the solar
flare from the Ha solar images. Images were thresholded with twice the value
of QSL, and the constructed regions were detected by canny edge detection
[58]. Gyori also used the edge detection and differential gradient of intensity
termed as border method to compute the area of sunspots [59].

Histogram based thresholding is a powerful technique as each separate fre-
quency distribution mode basically denotes one feature in the image [60], [61].
Rather than assuming the image to have one simple intensity distribution,
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Gallagher et al. considered the possibility of utilising the mixture modelling
concept and decomposed the intensity distribution to Poisson, Gaussian, bi-
nomial, polynomial rather than only normal distribution [62]. Local intensity
threshold technique was proposed by Gallagher and Krista in [60] for finding
coronal holes from the images taken by SOHO and STEREO. They analysed
and found that ideally a quiet Sun showed an unimodal distribution but an
image largely covered by the coronal holes appeared to have bimodal distri-
bution.The local minima denoted the required value of the threshold. They
further partitioned the images to smaller segments to have more control over
the determination of the threshold value.

Spatial information is not conserved in region detection from histogram
distribution. Hence the concept of region growing technique comes into the
picture. Governing principle lies with the concept of neighbourhood pixels to
have similar value [63].

Automatic detection technique developed for sunspot detection included a
priory estimation where pixels with 15% or 8.5% below the quiet Sun level were
counted to be sunspot regions [64], [65]. Turmon et al. proposed a robust solar
feature detection technique using the Bayesian algorithm [66]. The technique
divided the full disc solar image to three main regions - quiet Sun, faculae and
sunspots. Statistical models were developed using a sample set derived from
unsupervised clustering. Zharkov et al. as well developed an automatic system
to detect sunspots statistically from 1996 to 2004 from full disc SOHO/MDI
white-light solar images [67].Solar images were thresholded iteratively after
smoothing with Gaussian and median filter. Every large connected component
was re-thersholded with increased thresholding value. Edges around the limb
were removed, blank areas were filled using morphological operation and wa-
tershed technique; and probable solar feature candidates were color coded to
have defined final boundary [68]. Finally the cropped features, superimposed
on an empty image, resulted in byte masked images with segmented sunspots
[69].

An image must be preprocessed with limb darkening removal and cleaning
of dust lines in order to be used for solar filament detection. Filament, a
chromospheric feature looks dark in solar images. Fuller et al. described a
process where the full disc solar image was divided into smaller windows after
sharpening the image with Laplacian filter and a local thresholding was applied
over every window [55].

tivcal = Hiocal — O Ojocal (26>

The threshold value was computed using the equation 2.6 where fi;,., as
the mean pixel value, o,.4 represented the standard deviation of the window
and o was a constant whose value was empirically set to 3.7 after checking with
multiple images [70]. Such thresholded pixels were considered to be the seeds to
apply region growing technique as per the statistics of the neighbourhood pixels.
Ultimately, morphological close filter [71] was applied to give proper shape to
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the constructed filaments and join the really close ones. Another approach was
taken by Yuan et al. for filter detection from Ha images that involved advanced
adaptive thresholding technique [72]. With the help of arithmetic progression,
different binary feature maps were produced using different threshold values.
Each feature map was convoluted with the original image. The threshold was
decided to be optimal which generated the feature map resulting in highest
convolution match. To discriminate between the dark pixels of sunspot and
filaments, the shape of those features were taken into consideration.

For finding active regions or the assumed bright regions from the solar
images observed at Meudon Observatory, Benkhalil et al. proposed very similar
methods mentioned above [73]. They subdivided the image with its quarter
sized window and applied a threshold value ¢; (as described in equation 2.7
Jthat would vary based on the variable brightness of the image.

(i, 0; were the mean intensity and standard deviation of the region, respectively
and value of & was set to 0.4. Over-segmentation was preferred over under-
segmentation not to loose valuable information. Undesired small regions were
filtered out using 7 x 7 median filter and morphological opening and closing
filter of size 8 x 8. The geometric centre of the regions were considered to be
seeds for further application of region growing technique. For complex uneven
shapes the centroid might be even out of the the region. The centroid was
adjusted in such cases so that it ensures to be inside the region. Regions were
allowed to grow on top of the seeds as long as a seed had 8 homogeneous
neighbouring pixels, not assigned to other seed already, around it and the new
extended region conserved the uniformity of the pixels.

2.2.2 Machine Learning Techniques

Machine learning came into the picture where human intervention seemed to be
insufficient to analyse a particular task. It is based on different mathematical
or statistical approach, can be used to optimize the performance using sample
data [74]. Aim of this methodology is to develop automated programs that can
handle extremely large set of data and can extract necessary information and
predict results in unknown scenarios [75]. The field can be broadly classified
into two categories. If each instance in the dataset is labelled to a corresponding
output, it is called supervised learning [76] whereas unsupervised learning [77]
refers to grouping the data points having similar properties and classify them
in different groups. A subset of machine learning is called Deep Learning. This
learning method divides the complex problem into a layer of simpler ones and
tries to learn from a ’hierarchy of concepts’ [78] which doesn’t require all the
input parameters to be specified.
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Clustering

Clustering is an unsupervised machine learning technique. It is used to gather
data samples into related groups without having any prior information about
definitions of those groups. Clustering and segmentation are not the same
thing. Clustering is used in order to perform segmentation. The resulted seg-
ments should have intra-segment homogeneity and inter-segment heterogeneity.

K-Means Clustering uses the concept of centroid to create K clusters.
A centroid for n number of points on an x-y plane is another point having its
own x and y coordinates and is often referred as the geometric centre of the n
points. Steps to be followed for this method are given below.

e Decide the number of clusters or choose the value of K and randomly
assign cluster centroids.

e Depending on the nearest distance between the n points and the centroids,
each of those n points gets associated to one of the clusters

e Every-time the clusters are created, the centroid of the clusters gets up-
dated to the mean of the points associated with it. The updated centroid
is the centre of all the points which fall in that particular cluster.

The last two steps are performed over and over again until the algorithm
converges. The number of clusters that we want to divide the data points into
that is the value of K has to be pre-determined. The final cluster formation
is highly dependant on how well the initial cluster centres are chosen. The
clustering process is very sensitive to outliers present in the data. Since the
distance metric used in the clustering process is the Euclidean distance, we need
to bring all the attributes on the same scale. This can be achieved through
standardisation. The K-Means algorithm is not suitable for categorical data.

K-Means++ is an initialisation procedure for K-Means. In this method,
we pick the initial centroid using an algorithm that tries to initialise centroid
those are far away from each other. There are methods to find the optimal
number of K. Two of such methods are - Elbow method and Silhoutte analysis.
Silhouette coeflicient [79], [80], [81] is a measure of how similar a data point is to
its own cluster, which is termed as cohesion, compared to other clusters known
to be separation. One needs to calculate the average distance (cohesionyesys)
from its own cluster (cohesion). It has to be as small as possible. The other
quantity to be measured is (separationc.rs) the average distance, from the
nearest neighbour cluster (separation), which has to be as large as possible.
The For the every i* point, the silhouette coefficient (silhouette oers) can be
found from equation 2.8.

SeParationcees|t] — cohesiongesslil

silhouette oy = (2.8)

max(Separationeeess|i], cohesioneesslil)



2.2. ANALYTICAL ALGORITHMS 17

The Elbow Method
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Figure 2.4: Elbow method denoting the optimum value of K

For the optimisation, the average silhouette coefficient (Avgsinouette cefs ) 18
calculated for all the points using equation 2.9 where n is the number of data
points. The highest value of Avgsinouctte.oers for a range of K would determine
the optimal number of K.

k
Avgsilhauett&coeff — % Z silhouettecoeff[i] (29)
Another approach to find the number of k is called Elbow method [82]. This
is probably the oldest method. K-means method stores the sum of the squared
distance (wess) of the points to their respective cluster centres as inertia. Inertia
represents how tightly the different clusters are formed. As we increase the
number of clusters, the inertia value is bound to decrease as the individual
clusters become more compact. Thus, the plot of inertia against the number
of clusters becomes a monotonically decreasing plot. However, if we plot the
inertia against value of k we can notice a distinct elbow. Beyond the elbow
point, the additional (marginal) decrease in inertia with each increase in the
cluster mumber is not very prominent. Thus, the elbow in the curve gives an
estimate of the optimal number K in K Means(see Figure 2.4). This is difficult
to be used as part of automatic system. The elbow point is not always easy
to determine. At times, there might be no elbow points while it could return
multiple elbow points sometimes [83].

DBScan Clustering algorithm is density-based spatial clustering method,
that segments the data sample into high density regions and marks the low-
density regions to be outliers. It groups together points those are close to each
other based on a distance measurement and a minimum number of points.
Epsilon (eps) is the distance parameter that defines the connectivity radius to
search for neighbouring samples. The value of eps impacts primarily on the
resultant cluster. With a very high eps value, most of the true clusters will get
merged whereas very small value of eps will leave a large portion of the dataset
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not clustered and would be considered to be noise. The choice of eps should be
made based on the distance matrix of the dataset. Ideally small value of eps is
preferable. To find optimal eps distance, the k-distance graph [84] is used. First
the mean distance of each point to its k** neighbour is determined. Obtained
list of distance sorted in ascending order plotted against the number of points
sorted by distance generates the k-distance graph [85]. The first ’knee’ point
or the point with the the abrupt change in density distribution with respect to
the number of data points (see Figure 2.5).

sorted k-dist graph
© threshold point

won dmaginary line

Figure 2.5: K-distance graph for finding optimum eps for clustering
Credit: F.D. Salim et al. [85]

Another governing parameter of the clustering method is the minimum
sample number which is the minimum number of shared neighbours to establish
connections among points. Higher value of the minimum sample number would
result in no cluster or less number of cluster and vice versa. Ideally, minimum
sample is chosen by the dimension of the dataset or by adding 1 to dimension
[86]. The steps for performing the clustering algorithm are given below.

e Randomly select a seed point to initiate the clustering process.

e Check for all the neighbouring points existing within the space of eps
range. If the number of neighbours is more than that of the minimum
sampling number, it forms the core cluster.

e Continue checking the previous step recursively for all the points at the
boundary of each core cluster. Neighbours of those already assigned clus-
ter points get assigned to the same cluster considering they fulfil the
minimum sample requirement.

e Once the cluster growing technique stops for one core cluster, randomly
select another sample to initiate other core cluster finding technique.

e Points those do not belong to any cluster after iterating over the entire
data samples, are the noise.
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The DBScan algorithm is beneficial in finding structures and associations,
in the data, those are normally quite difficult to find out manually. The method
supports dataset with distances other than the Euclidean distance, which makes
it helpful to cluster geographical locations precisely.

Neural network

Representing the functionality of a biological neuron, McCulloch and Pitts [87]
proposed a very simple model that later became familiar to be an artificial
neuron. It had one or more binary inputs and one binary output. The artificial
neuron activated the output when more than a certain number of its inputs
were activated. This simple method proved to be very powerful to compute
complex logical operations. A neuron is the base block of an artificial neu-
ral network model [88]. It is analogues to the functionality of a human brain
in order to learn as efficient as the human brain. Input layer neurons accept
the information, pass the information to hidden layers of neurons and finally
the 'brain’ produces output out of the received information. In case of sep-
arate independent input variables, input might needed to be standardized or
normalized [89] to reduce the variability, which in turn reduce the processing
complexity. The connections among neurons of different layers are defined with
specific weights, depending on how important one information is, which help
to decide which of the inputs should get passed to the next level as well as
the degree of its worth. All the weights get added up and weighted sum is
passed to the next step. Figure 2.6 shows the basic operation of a single layer
neuron model. Output y(x) can be expressed by equation 2.10 where phi is
the activation function, b is the bias and and wy to w, are the weights for n
number of connected neurons.

y(x) = o> nw, x 2, 1+ b) (2.10)

n=1
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Figure 2.6: Single layer perceptron model in neural network?

2Credit: https://towardsdatascience.com/what-the-hell-is-perceptron-
626217814£53
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Through the activation function, the input is mapped to the output. Ac-
tivation function adds the desired non-linearity to the model. It can be of
different types. Without the activation function, a neural network acts like a
linear regression model.

e Threshold function which outputs 0 if the value is less than 0, otherwise
it outputs 1.

e Sigmoid function is a smooth one and has gradual progression unlike the
threshold function with sharp transition. It is useful for finding probabil-
ities.

e ReLu or Rectified linear unit is an activation function which returns all
the values below zero as 0 and keeps the values above zero gradually
progressing as the input value increases. It is arguably one of the most
popular activation functions and claimed to perform better results in
majority of the scenarios [90].

e Hyperbolic tangent function and the sigmoid function are fairly alike
with a difference that Hyperbolic tangent function also results in negative
direction. For the sigmoid function, the value ranges from 0 to 1,whereas
hyperbolic tangent function results between -1 to +1 with centre around
0.

When the information flows from the input to the output without any feed-
back, the network is called feed-forward neural network. This hidden layers
allow us to detect specific criteria by selecting combinations of inputs to differ-
ent neurons. The number and dimensionality of the hidden layer are termed
as the depth and the width of the model, respectively. Cost function is what
defines the deviation of the predicted output from the actual output. The
model aims to diminish the cost function throughout the training process as
it is the measure of error in prediction. Needless to say, the lower the cost
function is, the more accurate the system is. Initially weights are randomized.
This information of the cost system is fed back to the input layer of the neural
network and adjusts its weight accordingly. This is called back propagation.
When this whole procedure gets repeated for the whole training set, an epoch is
completed. The procedure is repeated for multiple epoch to minimize the cost
function. There are many different loss functions to cater various subjective
needs. Some of the cost functions are mentioned below.

e Quadratic cost function could be of mean squared error, R-squared error,
residual square error. Mean squared error is determined by averaging the
square of deviations from actual to predicted values. R-squared error is
derived from the formula R = 1 — (RSS/TSS). Residual sum of squares
(RSS) is defined to be sum of squared difference between original and
predicted values. Sum of squared difference between original and average
values is known as Total Sum of squares (TSS). Residual Square Error
(RSE) is given by Rse = sqrt(RSS/df) where df = n—2 and n = number
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of data points. This kind of cost functions are less used in neural network
problems.

e Cross Entropy is probably the most popular cost function which is the
differnec between the true output probability and the estimation of the
true output probability. As it deals with the probability, the data should
be normalised in the range of 0 to 1 for better result [91]. With p as the
true value and ¢ as the estimated value, the cross entropy is given by
the equation 2.11. It is very much used in convolutional neural networks
where it is not feasible to calculate mean square error for each of the huge
number of parameters.

H(x) = zn:p(xl) x log q(x;) (2.11)

=1

e Kullback-Liebler (KL) divergence is quite similar to cross entropy but its
measurement is not commutative. The method, finds the difference in
expectation of true and estimated probability distribution giving an idea
about how much each sample would contribute to the approximation, is
computed by the formula given in equation 2.12.
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Backpropagation allows to adjust the weights while simultaneously figuring
out how responsible they weights are for the error. Learning rates limit how
much the weight is to be updated. It is the job of the optimizer to reduce the
cost function with the back propagation. Plot of the the convex cost function
yields in a top down parabola. A common optimization method is Gradient
Descent (GD). With continuous differentiation of values, weights reach its op-
timized values. Not all the cost functions have to be a convex function with a
global minimum. Instead of reaching the global minimum, optimization will be
stuck in a local minimum for such cases. To address such problem, stochastic
gradient descent (SGD) method is used. In this method, weights get adjusted
after each iteration unlike the batch gradient descent method where weights
are adjusted only after calculating the cost function for the entire sample. As
the SGD method has higher fluctuation due to the adjustment of weights after
each iteration, it is less likely to be stuck in a local minimum. The SGD is also
a faster method than the GD. Because of its random nature, SGD might not
produce the exact same result every time, unlike batch GD method which is
deterministic and one ends up getting the same result every time [92]. There
is mini batch gradient descent method which combines the above two methods
and adjusts the weight say after running a small number of samples. Adaptive
moment estimation (ADAM) optimization relies on adaptive learning rates to
determine individual learning rate for each parameter. The method estimates
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both the first and second moments of gradient to iteratively update the net-
work weights. The N of a random variable is given by m = E[X"] which is
basically the expected value of that random variable to the power of n. An ex-
ponential moving average of the gradient and squared gradients are calculated
with an option to control the decay rates of these moving average window. The
algorithm requires less fine tuning of the learning rate parameter.

The final layer is the output layer. When the output is predicted for dif-
ferent classes, it is not intuitive if they are not expressed in terms probability
percentage. Softmax function normalizes all the values and expresses probabil-
ity for each category in such a way so that it ads upto 1.

Convolutional Neural Network: This is the state-of-the-art method for
image classification problems. While processing an image, it is not necessary to
process every single pixel of an image to find a feature. Hence, it is important
to get rid of unnecessary pixels. The linear transformation process of combined
integration of two functions is called convolution and it is a measure of how
one particular function mutates with the other function [93].
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Figure 2.7: Convolution operation

A layer with a series of such linear filters, is called the convolution layer.
Computation of moving sum by multiplying and adding the kernel over the
original image results in a feature map. Higher number signifies greater match
with the filter. It reduces the size of the image and hence less number of features
are to be processed in the next step. Definitely we loose some information, but
the sole purpose is that it still preserves the integral features of the image.
Padding and striding play a decisive role on the determining the size of the
feature map. Adding zero value around the boundary to keep the image size
same or repeating the same value like the boundary or not adding any values
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around the boundary of the input are some of the ways of padding. Stride
is the count of pixels the filter moves during the operation. Ideally different
types of filters are used to find out different features from the image. Thus, a
convolutional step reduces the number of pixels, produces a feature map finding
relevant features out of the image and still preserves the spatial relationship
between the pixels. On top of the stack of feature maps, a rectifier function is
applied to increase the non linearity of the network [94]. Figure 2.7 shows a
convolution process where the feature map is reduced to the size of the filter.

with 2x2 filter
7 5 stride? 6 Pooled Map 6 7

\45f20_ 5 4

‘ 2 4 Max pooling

Max(1,1,5,6)=6
Feature map

Figure 2.8: Maxpooling method

Next, the convolved image is passed through the pooling layer. Pooling
allows to make the network spatially invariant so that it can detect features from
the image irrespective of the inversion, rotation or somewhat distortion [95].
There are different kinds of Pooling mechanism available - average pooling, sum
pooling,max pooling, spiral pooling or wavelet pooling. From the convolved
feature, the maximum or average value of a particular kernel size is taken from
a sliding kernel over the image. Figure 2.8 shows a max pooling operation. It
is clear that even if we rotate or invert the image, the resultant pooled map
stays the same. Here, once again stride and padding plays important role.
Pooling method lowers the number of parameters preventing over fitting and
still preserves the important features to a great extent. Once the pooled feature
map is created, it is flattened into a large column of input vectors and fed into
an artificial neural network for further processing (as described above).

Transfer Learning is a popular way of training deep neural network mod-
els which can transfer knowledge learn from one task to another [96], [97].
Ideally images have some common features like shapes, edges, blobs. In case of
insufficient amount of labelled data, weights of the network can be initialised
with weights of a pre-trained network that was trained with a huge dataset,
rather than random weight initialisation and thus network can be trained even
with small dataset. The type of the dataset, used for reference network and the
task to be done, should be similar to achieve substantially good performance.
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Metrics to verify the model’s performance: Arguably the most com-
mon and intuitive method is confusion matrix. It is a 2 x 2 matrix to measure
the performance of classification problem by comparing the predicted values
over the actual values and it can be used for one or multi classes. It has 4 pa-
rameters - True Positive (TP) when the model predicts actual positive value as
positive, True Negative(TN) when the model predicts actual negative value as
negative, False Negative (FN) when actual positive values are predicted as neg-
ative, False Positive (FP) when actual negatives are predicted to be positive.
All the actual metrics are based on the confusion matrix.

Accuracy is a measure (see equation 2.13) of the percentage of correct
prediction over al the predictions predicted by the model.

TP+TN
A . 2.13
Y = P b Y TN+ FP 1 FN (2.13)

Sensitivity is also known for True Positive Rate(TPR) or Recall. For
entire sample, the percentage of how many have been classified correctly. It is
the ratio of positive instances those are correctly predicted by the classifier.

TP
TP+ FN

Specificity measures the proportions of actual negatives those are correctly
identified. It is also termed to be True Negative Rate (TNR)

Sensitivity = (2.14)

TN
TN+ FP

Precision or Positive Predictive Value tells us the success probability of
making a correct positive class prediction.

Speci ficity = (2.15)

TP
P 1S10N, — ——————— 2.1
recision TP FP (2.16)

F1-Score is a harmonic mean of precision and recall. It gives more weight
to the lower value among them. We can only get high F1 score when both
the value of precision and recall are high. This is a useful particularly for
imbalanced classification problem.

Precision x Sensitivity

F1Score = 2 x (2.17)

Precision + Sensitivity

Application in Solar Astronomy

The study of the Sun, space weather, space climate have become a good appli-
cable field of machine learning, all owing to the enormous observation happened
and still happening since past five to six decades [98]. No machine learning al-
gorithm is yet known to be as best working in the field of solar data analysis



2.2. ANALYTICAL ALGORITHMS 25

[99]. Major works, which use the state-of-the-art machine learning algorithms,
mostly focus on automating forecasting of solar flare. Qahwaji et al. aimed to
correlate the Flare and coronal mass ejection (CME) using both Cascade Cor-
relation Neural Networks (CCNN) and Support Vector Machine(SVM) [99].
The work obtained 65.3% of true prediction rate in predicting whether a flare
would be associated with a CME based on the time domain analysis. The
model proved to be capable of predicting a CME eruption 1 hour even before
by analysing the solar flare parameters. Fadil et. al investigated the perfor-
mance of SVM and Multilayer Perceptron (MLP) analysing the association of
flare, CME, and solar energetic particle event (SEP) [100]. SVM was found
to be slightly better performing than MLP for the task. Majority of the Flare
prediction algorithms have used SVM technique either with SOHO-HMI data
[101], [102] or SOHO-MDI data [103], [104], [105], mostly involving supervised
learning methods.

Deep Learning methods have gained popularity in recent time. Zharkova
and Schetinin used an ANN method for solar filament detection with only two
hidden neurons and output layer [106]. Despite the fluctuating background of
the solar filament imagery, the simple ANN provided satisfactory result. The
article by Nagem et al. shows how a very basic CNN module can be used
to predict solar flares from the satellite data [107]. A single convolution layer,
followed by a pooling layer connected to a neural network model gave quite and
encouraging result (probability of detection = 57.4%) to predict the occurrence
of a flare around 20 minutes ago. Ahmed et al. predicted solar flares both 1
day and 2 day prior to its occurrence by processing the SOHO-HMI data about
flaring and non flaring ARs with the help of CCNN method [108]. Using state-
of-the art deep neural networks, Kucuk et al. tried to classify different solar
features from the SDO imagery [109]. The overall solar full disc was subdivided
into five categories - active regions, coronal holes, flares, sigmoids and the rest of
the unlabelled regions were termed as the quiet Sun. The labelled regions were
used for training different CNN architectures like CifarNet, LeNet-5, AlexNet,
and GooglLeNet. Despite being the fast learner, LeNet-5 did not perform really
well in complex scenarios. Googl.eNet performed the best in this classification
task with a cost of expensive and long training time owing to its bigger size.
AlexNet produced acceptable result in moderate time limit. Overall all the
methods outperformed the traditional approach of segmenting features from a
full disc solar image with way better accuracy.

[larionov et al. [110] used the well known CNN architecture U-Net [111],
which already had good performance record on biomedical and satellite imag-
ing [112], to automatically extract the coronal holes from the SDO imagery.
Two successive layers of convolution with exponential linear unit (ELU) as the
activation function, along with a max pooling layer followed by transposed
convolution or deconvolution layer with transposed gradient and concatena-
tion operation and a convolution layer with sigmoid activation function sum
up the basic architecture used for this work. The model produced well seg-
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mented images out of the full disc gray-scale solar images. The work drew
attention to the ability of neural networks to surplus the performance of the
hand crafted algorithms which most of the time failed to address the huge
variability of the solar images. Using the concept of ResNet, Ramos et al.
proposed a deep residual learning architecture composed of 20 residual blocks
and a direct connection between input to output layer, named as DeepVel [113]
to determine the horizontal velocities of plasma on photosphere [114]. Using
almost similar architecture as in [113] with an addition of a skipping connection
from input to the first residual block and an additional batch normalisation,
Baso et al. found SDO HMI images to be better deconvolved with the point
spread function (PSF) obtaining enhanced spatial resolution [115]. Chen et al.
emphasised on the use of unsupervised learning methods such as autoencoder
(AE) for representation, clustering and classification of solar radio images to
build a database model [116]. Enormous unlabeled data helps in initialising
the network parameters [117] which in turn learn to label and categorise the
data saving unnecessary and time consuming manual effort. It is quite difficult
to define proper categories with strict specification, yet Chen et al. achieved
better performance than using unsupervised architecture like Deep Belief Net-
work (DBN) [118] than that of classical machine learning methods like principal
component analysis (PCA) and SVM [116].



Chapter 3
Instrumentation and Data

3.1 Metsiahovi Radio Observatory

Figure 3.1: Metséhovi Radio Observatory!

Metséhovi Radio Observatory (MRO), Figure 3.1, is a special Unit of Aalto
University which dedicatedly works on different projects including far and near
radio astronomy. It is located in Kirkkonummi, Finland. The main instrument
of the observatory is the 14 m radio telescope (MRO RT-14) which has produced
the long term solar observation used in this thesis (Fig 3.2). This is a parabolic
Cassagrain type dish antenna with an operating range of 2 to 150 GHz. For
37 GHz observation, it uses a Dickey type radiometer receiver along with a
peltier thermoelectric cooler for stabilizing temperature. This type of receiver
is particularly useful for measuring weak signals in the presence of high noise
floor. Receiver input continuously switches between the measuring instrument
and reference noise source, cancelling out the receiver’s own noise. Receiver
operating at 37 GHz has a noise temperature of about 280 K [119]. Solar Radio

!Credit: https://twitter.com/ABinios/status/8768317876993802247s=19
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maps have been produced at 37 GHgz, i.e. approximately 8.1 mm wavelength
with a temporal resolution of less than 0.1 s [120|. This wavelength allows us
to see the upper solar chromosphere and the transition region to the corona.

(b) Back side view

Figure 3.2: MRO 14m radio telescope?

2Credit: Alexandros Binios
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As the observatory is engaged in studying different other radio sources, it is
not possible to produce continuous coverage of the Sun using MRT-14. MRO
has another radio telescope of 1.8 m diameter, which is continuously appointed
for monitoring the Sun at 11.2 GHz. It is dedicated for observing radio bursts
of the Sun [121]. The location of the observatory lets the observations suffer
from the low solar elevation and weather effect. Except the summer season,
the Sun can be observed only for a very short period during the year and that
too can be badly affected by the cloud cover. During summer, the Sun rises
high and is observable for even 14 to 18 hours a day.

The MATLAB based SUNMAP software, built in house, is used to give
command to the telescope for taking full or partial map of the Sun and tele-
scope roughly scans the Sun 30 times ( in practice for best possible solar map
with effective time complexity) and produces data files in different predefined
formats. It takes roughly 2 to 3 minutes to get a full coverage of the Sun,
at present. Between two consequent measurements, a quick scan of sky is
recorded. This helps in understanding the background radiation from the sky,
the cloud cover and making the telescope calibration reliable.

MRO produces different types of files. Among them, primarily the “sun-
map” files have been used in this thesis. Additionally, the ".mapdata" files
have been used to consider the solar elevation into account. The advantage of
taking ".sunmap" file over “map” files is that the intensity relative to the quiet
Sun level (%QSL), has already been calculated from the raw intensity value
and reported in the last column of the “sunmap” files. It reduces significant
amount of calculation. Let’s consider, b,,,, = the maximum intensity value of
the solar map data (raw data) and b,,;,, = the minimum value of the entire
solar map data, (technically, the temperature of the sky). Temperature at the
solar edge (be4q.) then can be defined by equation 3.1.

|bmax| + |bmm|
2

It has been assumed that all the values which are higher than b4 are really
observed from the Sun. Median of all these selected values is called the Quiet
Sun Level (QSL). Earlier at 37 GHz, QSL referred to the average brightness
temperature value of around 82004+ 500 K [8],[122] whereas temperature of the
sky is theoretically around 3 K [121]. Recent study, by Kallunki and Tornikoski,
regarding determination of the quiet Sun level calibrated with respect to the
new moon revised the QSL value to be 8100 = 300 [123].

The Sun has around 16 arc min radius (r) (Figure 3.3) in 8 mm radio map
and MRO RT-14 has a beam size of 2.4 arc min (d). The resolution is not high
enough to study very fine structures on the Sun. The smallest area we can
potentially observe is limited by the telescope resolution (T'el,.s) which can be
found from equation 3.2. It is considered that the telescope should not be able
to detect regions that has relative area less that half of the beam size of the
telescope with respect to the Sun. Therefore, Tel,.. of MRO RT-14 is around
0.25% of the solar area.

bedge - + bmm (3 1)



30 CHAPTER 3. INSTRUMENTATION AND DATA

Solarmap 37 G
Tir
Filenamie

i
L
Ao
k=
=
=
L
=
=
i
=
=
i
P

rcentage of Quiet Sun Level

Fe

] ] 5 10
Relative Arc minutes

Figure 3.3: Solar map comparing to MRO-RT beam-size

Tk (2)2

T lres:—
c 2% % (r)?

(3.2)

3.2 Other Solar and Geomagnetic Data

NOAA

National Oceanic and Atmospheric Administration, USA provides comprehen-
sive and reliable dataset of solar observation which acts as the ground truth in
this study. This data is originally produced by Solar Observing Optical Net-
work (SOON) [124]. A 10 inch objective lens having 210 inch focal length and
a field lens having 36 inches focal length are the primary building box of the
observational system. It gets operated in a partially vacuum chamber to reduce
both the image and instrumental degradation. The generated image of the Sun
is of around 2.5 ¢m radius. The beam-splitter technique allows the incom-
ing light to be analysed in three subsystems - Ha Subsystem (6562 A) which
reveals features, such as prominence, filaments, flares from the chromosphere
region, Mg-b2 (5172 A) Subsystem which is responsible for capturing the pho-
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tospheric structures like sunspot and the Spectrograph Subsystem which allows
to produce solar image at varying wavelengths from 3,700 to 10,830 Angstroms.
Magnetograph, the main subsystem of the spectrograph module, allows to im-
age solar magnetic field variation.

NOAA produces the daily SRS (solar region summary) list in a text file.
It includes the details of active region seen on the Sun on the previous day.
It reports three types of active regions - regions with sunspot, region without
sunspot and region due to return of any particular active region. The data file
contains the uniquely assigned AR number, the location of the AR including
latitude, and longitude in both Carrington and CMD (central meridian dis-
tance) format, and the magnetic complexity of that region. There are many
ways to classify the magnetic complexity of the regions active regions, one of
them is Mount Wilson method [125] which aims to classify the regions based
on their visual structure. The simpler structures are o or § whereas 3v, £,
B0 corresponds to the complex magnetic regions. v and o class of magnetic
complexity are quite rare in the SRS list [126]. Hence, we have mostly ex-
cluded them from our analysis. For the returned region, it only reports the
unique number and its latitude. This SRS list has been used in the thesis to
check the correspondence between MRO bright regions and NOAA active re-
gions. Data produced by NOAA is open source and have been downloaded via
a web-scraping script written in python.

IMAGE Network

Geomagnetic observatories across the globe, record the variations of the mag-
netic field vector over the time. A large number of such observatories through-
out the world are members of INTERMAGNET [127], [128] and IMAGE net-
work [129]. Four observatories of IMAGE network, Ny — Alesund (NAL),
Abisko (ABK), Sodankyla (SOD), Nurmijarvi (NUR), situated from and at
absolutely high to lower latitude level, have been selected for this work, which
can potentially show how solar wind variation changes the dynamics of the
earth’s magnetic field. Data format and resolution is different for all the obser-
vatories. ABK and NAL maintain 1 file per day in 10 sec interval, NAL offers 1
file of 20 sec resolution whereas data received from SOD is of low resolution of
1 hour interval. So, every file has been converted as per the SOD format to be
able to be compared from a same resolution level. Plots have been generated
by python scripts and can be found in the discussion chapter. The plot for
the DST measurement has been taken from the Geomagnetic Data Service *
website directly.

3http://wdc.kugi.kyoto-u.ac.jp/wdc/Sec3.html
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Other Sources

For solar wind data, we have used the OMNI near earth database maintained
by NASA Godddard Space Flight Center [130]. It provides both hourly, daily
low resolution data and high resolution data with 1 and 5 minute resolution.
The CACTUS (Computer Aided CME Tracking) list and NASA CME catalog
[131] generated from data observed by the Solar and Heliospheric Observatory
(SOHO) spacecraft have been used to verify the possibility of CME’s presence
in the MRO data. SOHO carries Large Angle and Spectrometric Corona-
graph (LASCO) which is built of three separate white light Coronagraph and
Fabry Perot Interferometer Coronagraph. Coronagraph creates the artificial
solar eclipse effect and capable of imaging solar eruption upto 30 solar radii.
Apart from these data sources, the web-based data archive like Solar Monitor
4 and Helioviewer ® came really useful to check every now and then for quickly
verifying the results and map different solar features with each other.

‘https://https://solarmonitor.org
Shttps://helioviewer.org/
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Methods

This automated feature detection program system extracts the solar radio fea-
tures and list those down in a csv file. The work is scripted in python 3.6 and
uses various libraries like opencv, scipy, scikit-image, pil for image processing
segment, sklearn and keras for training modules, numpy, pandas, matplotlib
for data loading and visualisation purpose and ephem, os, sys, mpl toolkits,
datetime are the other few libraries used as needed. The entire programming
module can be subdivided into 3 major segments as per the task implemented
in each section.

e Module 1 : Data pre-processing.
e Module 2 : Detection of Solar features

e Module 3 : Report generation.

4.1 Module 1 : Data Pre-processing

4.1.1 Selection of Solar Radio Map

MRT-14 generates different varieties of data files for each observation. The file
number goes high especially during the summer when the Sun is observable
for a long time. The daily file number may increase up to 13000 including
all kind of files generated, though the number of target “.sunmap” files varies
in the range of around 0 to 300 only. Traversing so many files in the actual
program causes additional delay and confusion. So, the “.sunmap” files were
copied to another location maintaining the same folder structure as in the
source location. This process is an optional process which has been done to
reduce the time complexity of the actual program.

4.1.2 Removal of Invalid Dataset

Figure 4.1 shows the number of invalid files those were removed from the con-
sidered dataset and the number of valid file processed in the subsequent steps.
There were a large number of invalid data from 2011 to 2013. Majority of those
apparent invalid files are actually partial solar maps consisting of one or mul-
tiple bright regions only. Definitely such maps are of valid information about
the radio brightening, but unfortunately out of the scope of this thesis. Only
almost circular full solar maps were addressed in this work. Different kinds of
erroneous files are explained below.

33
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Count of Valid and Invalid Files
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Figure 4.1: Proportion of invalid to valid files

Discarding Files with Low Solar Elevation

As the location of observations is Finland, the Sun does not rise high on the sky
apart from the summer season. For a legitimate observation, solar elevation
should be at least above 10°, but it would restrict the observation from Finland
most of the time over a year. Therefore, as a trade-off practice at MRO, a
solar elevation above 6.5° is considered for good observation condition. The
information about the solar elevation is not found from the main data files,
i.e. the “sunmap’ files. Elevation is listed on the 3rd column of the “mapdata’
files. First, the “mapdata’ files are sorted the same way as the "sunmap’ files.
After that, the files with lower elevation than the 6.5° are noted. The "sunmap’
files with the same name are moved from the working directory to a separate
folder and are not further considered for processing. It is good to mention that
relatively good observations can be done between March and September.

Unexpected QSL Value Error

Ideally, most of the .sunmap files have %QSL value in between a certain range.
The column is normalised to 0 to 1. Yet, in some of the datafiles, the %QSL
range deviates absurdly having %QSL value equal to -27 or -29 or some similar
value. It creates trouble while thresholding the image disturbing the segmen-
tation process. So, these files were discarded at the initial stage.
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File Data Loading Error

There are couple of such .sunmap files which do not match with the correct
schema of the data. The size of the file is usually around 1 KB and usually
consist of 3 to 4 columns only. These files cannot be loaded in the main program
and thus were filtered out. Figure 4.2 is one such example.

map1501605440.sunmap @

2 8 267.19665548091 -3.083224420115824 -280.428322

Figure 4.2: Data loading error

Not Enough Data in a file

Even if some files maintain the actual data format there are sometimes too less
rows of data for further processing. These type of files usnally have 2 to 5 rows
of valid data which make it impossible to construct a solar image out of it.
Figure 4.3 is such an example with only 2 valid rows of data. In the year 2011,
around 30% of the observations encountered this problem.

Figure 4.3: Insufficient data in file

Longitude/Latitude value is NalN

Having all the columns as per the format and at least minimum number of rows
in the file is not sufficient enough to consider the file as worthy of processing.
During some observations, the telescope has scanned only the sky (not area of
interest) without the Sun. In such cases the value of longitude and latitude
have been recorded as NaN only. In 2014 and 2017, there were 5% and 3% of
such files respectively which basically contain no fruitful information about the
Sun. Figure 4.4 shows how a file observing only the sky would look like.
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Figure 4.4: Long/Lat are NAN

Not Circular Solar Image

According to the requirement of the thesis, files resulting in proper circular
solar structure, were considered to be the valid files. The detection of circle

was done in two ways.

1. Circle detection using the shape of the conour method was based
on the contour or arc-length approximation using Ramer Douglas Peucker
algorithm [132]. The algorithm approximates a curve assuming it could
be subdivided into linear segments. The image of the Sun was considered
a circle when the number of approximated arc-length was more than
9. This method was found to be error prone due to the observed solar
contours not being perfect even contours. The solar boundary had lots
of wrinkling structures which leaded to wrong approximation of the arc
length and hence wrong approximation of the shape, at times. Figure 4.5
shows couple of examples of some non circular shapes which get filtered
out by this procedure.

(e)

Figure 4.5: Observations with non-circular solar structure
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Solar Radio Map - 0.703172346111224
File Name: map1410261471.sunmap
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Figure 4.6: Not a proper circular Sun

2. Circle detection using the area of the contour method was imple-
mented to overcome the error from the previous method. An approach
was taken to measure the ratio of the solar area to the area of the probable
proper circle. The observation files mostly returned more than one outer
contours. It is obvious that the largest contour represented the Sun. A
circle was fit on the solar contour and its area was calculated. The image
of the Sun was considered to be valid once the ratio of the area of fitted
circle to that of the area of solar contour resulted to be 75%. In case
of irregular or unexpected shape, the ratio is generally quite small. This
method alone already worked better than the previous shape detection
method. When it was applied along with the previous step, we could
achieve 98% accuracy in ensuring the circular shape of the Sun by per-
forming both the methods together. As it can be seen from the Figure
4.6 that the actual outer contour area did not comprise of the 75% of the
area of the minimum enclosing circle fit to it. Hence, this was not a valid
file.

Very Small Probable Solar Area

Even though the contour shape comes to be circular with respect to both the
area wise and shape wise circle detection methods, still it might not be an
acceptable image of the Sun. Considering Figure 4.7, it has a very small outer
contour, which is unlikely to be covering the visible disc of the Sun. Due to the
almost perfect circular shape of the contour, the image passes through both
the circle detection filter. That is why, it is necessary to maintain a cut-off
value for the probable solar area. In our program, this was a hard-coded value
fixed to 30% pixel area for an image. These files were the partial solar maps
including only one radio brightening. Majority of those were taken before the
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Figure 4.7: Very small circular contour, but not a solar contour

year 2012. Earlier, one observation of full solar map used to take longer time.
Therefore, that time, Metséhovi observations mostly focused on confining to
smaller region of interests or the radio brightening instead of the whole image
of the Sun.

Classification of Cloud Effected Image

Removal of weather effect was one of the main challenging jobs in this thesis.
There were files of degraded quality due to bad weather. However, they still
contribute to the number of valid files as no quality factor was mentioned for
the observation. Those low quality images leaded to significant error in quan-
titative data analysis. As an extended part of the thesis, an attempt was taken
to discard those erroneous files so that the reliability of the results could be
improved. Although it was quite easy to manually separate the files having
major atmospheric effect just by visual comparison, it was not easy to imple-
ment within an automated process. At the initial step, some obvious patterns
were identified from those images to recognise the cloud effect. Sometimes half
of the Sun seemed to be bright with other half dark -an obvious sign of cloud
interrupting the observation discussed in also [133]. Dark and bright stripes
throughout the image, a bar of dark shadow or a small uneven shadowy portion
in any image also indicated the weather effected low quality observation. All
our assumptions were better validated by checking with the former and later
observations of that very observation seemed to be erroneous. S file showing
similar behaviour suddenly indicated clear sign of the atmospheric effect. How-
ever, the quality of the image were determined by visual interpretation only.
Therefore, it slightly limits the performance of the algorithm. Furthermore, it
was a tedious job to list down ample number of erroneous files for investigation.
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| Good Fair Bad
Training Set | 14180 2419 3046
Test Set 48 180 40

Table 4.1: Test-Train dataset for CNN

39

In Section 2.2.2, we saw that machine learning and deep learning methods
had been widely used for space weather forecasting as well as for extracting solar
features. In this thesis, the method aimed to segregate the images suffering
from bad weather effect. The best suited method was definitely to use the
state-of-the-art convolution neural network classifier. Primary requirements
for this task were high computational power and preparing the labelled dataset
for network training which involves careful manual picking of images from each

category.
# Classify Image - [} x
Sunmap Classification
(Press enter to start)
Good (Key - "a") count 2058
Fair (Key - "s") count 67
Bad (Key - "d") count 79

Solar Radio Map
File Name: map1390985476.sunmap
Time : 2014-01-29 08:51:37 (220442.0)

-6 -1 4 9

Relative Arc minutes (x)

Figure 4.8: Sunmap labelling software

A predefined model, implemented inside the deep learning package Keras
[134], was used for this task. Image of the Sun shows huge variability and it was
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difficult to determine the number of classes it can be divided into. Initial result
with around 4000 labelled images did not seem to be satisfactory. So, more
images had to be labelled. Around 19000 files were labelled and relabelled
5 times to properly divide them into three categories - good, fair and bad.
Labelled dataset was split to train and test dataset where 70% has was for
training and the rest for the testing purpose. Table 4.1 shows the number of
good, fair and bad category files those were used to train the neural network
model and to test how well it was trained.

To label images, a simple data labeller, as can be seen in Figure 4.8, was
developed using tkinter python package. The desktop application loaded solar
images from a source directory. It had three buttons to classify good, fair
and bad images. keyboard short-cuts are assigned to each button click. The
application also showed the count for each category. Upon clicking a button,
corresponding count increased automatically, a csv file was updated with the
image quality information against the image name, and the specific file was
copied to the location of the its category. Another version of the labeller with
just one button was used to figure out the parameters for the confusion matrix.
It helped us to understand how well the classifier had worked. Figures 4.9,
4.10 and 4.11 shows couple of examples for bad, good and fair category images,
respectively.

We used the well known VGG-19 model for this classification purpose. The
paper by Simonyan and Zisserman [135] shows how the model with increased
depth outperforms the other models of its previous generation. the architecture
of the network is shown in Figure 4.12.

maxpool

£ =
maxpool maxpool maxpool
L (I AC . .
Depth 256 Depth 512 Depth 256 Fhmmm
unction
Depth 64 Depth 128 3"3 “3”"" Aaonni 0 Ny
33 conv 23 conv amid_1 Cormd_1 Comnw5_1 ECL FC2
Camv3_2 Corvd_2 Comnw3_2
Convl_1 Comsz_1 = = T
Comnvl 2 ComZ 2 Comy3_3 Cormvd_3 Comw5_3
o o Comv3_4 Corvd_4 Comnw5_4

Figure 4.12: Architecture of VGG-191

!Credit: https://medium.com/@saicharanars/building-vggl9-with-keras-
£516101¢c24ct
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(k)
Figure 4.9: Example of bad images
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(d) (e) (1)
Figure 4.10: Example of good images

(d) (e) (f)

Figure 4.11: Example of fair images
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As we do not have same amount of data in all the category, we have used
data augmentation [136], [137] by few simple means such as cropping, rotating,
resizing, flipping, zooming to increase the variability of the training samples. To
initialise the weights of the network, we have used the pre-trained IMAGENET
weights [138], [139]. Even though our dataset was absolutely different than
that of the IMAGENET database [138], still we attempted the transfer learning
approach due to lack of a large labelled dataset to train the model from scratch.
First 5 layers of the network model were frozen as normally those layers would
detect edges, shapes and blobs and we preferred to keep the knowledge learnt
from the large IMAGENET database training. Kernel sizes for convolution
and max-pooling were kept constant throughout the network, 3 x 3 and 2 x 2
respectively, though the depth of the convolution blocks were different. A
stride value of 2 and same padding were chosen for convolution and pooling
operation. A series of convolution layer (conv) with max pooling reduced the
number of feature parameters. The RELU activation function was used to
introduce non linearity into the convolved feature space. This multichannel
data was then flattened to create a one dimensional array and passed through
two fully connected layers consisting of 4096 neurons. As it was a classification
problem, finally it was fed to the classifier layer of Softmax activation. We
used Stochastic Gradient Descent Optimizer with learning rate of 0.0001 and
momentum of 0.9.

Once the training was completed, the trained network was run for the whole
dataset of 22 years. Figure 4.13 shows the final number of good files after
discarding the cloud affected files. Reduction in file number from ’valid’ to
‘good’ category was the result of this classification procedure.

Figure 4.13: Valid files after cloud affected file removal



44 CHAPTER 4. METHODS

4.1.3 Image Construction

After passing through all the conditions mentioned above, one image was con-
sidered to be valid and it was processed further for feature detection.

Interpolation

Each field, in the raw text data file, is recorded in form of one dimensional ar-
ray. Fields of our interest like longitude, latitude and %QSL was interpolated
resulting into two dimensional matrix which was basically a digital image. In-
terpolation is a method for finding data in between other data points following
linear or complex relation among them [140]. The advantage of creating image
out of the data is the data can be processed using both the value and visual fea-
tures which make the work easier and more understandable. Interpolation was
done with respect to the minimum to maximum limit of relative arc length in x
and y direction. The range for interpolation was set same for all the fields. The
equal axis range allowed us to play with the index of the matrices to retrieve
any information easily. It is always better to do higher order interpolation for
any form of intensity as it is less likely to follow linear relation. But higher
order interpolation might suffer from peak upshooting. With linear interpo-
lation, chances of preserving the original data points are higher. Therefore,
the field %QSL was both linearly and cubically interpolated to check how the
different techniques effected the final result. For the other attributes like time,
latitude, longitude, linear interpolation was used. It was difficult to interpolate
longitude, explained in detail later in this chapter.

Determination of Image Resolution

§29639611.267792) 0.136999398471931 -0.2165§7995116485 324.833262136051 -57.179616917911 -676 100000 0.873519
829639011.423348) 0.1290529450082%¢) -0.2228p3661650430 322.430329461319 -59.0748947623397 -494 100000 0.899162
§29639611.3769041 0.120906491126119 -0. 2271932620129 320.458633368299 -61.011698976925 -373 100000 0. 916244
§29639611.7344590 0.112460037263489 -0.2314§4994734761 318.899430738696 -63.0082616808319 -360 100000 0.918077
629639611.890015] 0.10341356392652 J0.23576661214639 317.806540423262 -65.0627140673166 -337 100000 0. 921320
829639612.04557 P.09439471301530359 -0, 2400p6327713484 317,314784624629 -67,2550161012945 -311 100000 0924966
829639612.20112¢4 0.065320676415077p -0.244p91994195033 317.691628033972 -69.5476519421779 -309 100000 0.925268
629639612, 356681) 0.076474223164773p -0.248p97660622817 319.521507359316 -71.9631090016247 -363 100000 0.917654

2
b
0

Figure 4.14: Example section from a 'sunmap’ data file

The main goal while constructing image was to keep all the observation points
intact on the final image ( at least as much as possible) and predict the missing
values in the image grid. This would ensure the best possible representation
of the observational data. Determining the dimension of the image played a
crucial role in that. As we can see from Figure 4.14, resolution was too high in
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both x and y coordinates (in degree). The image size would have been infeasibly
large as we wanted to keep the sample points exactly as per the observation.

Looking close to quite many data-files, (Figure 4.14 is an example), it was
pretty clear that considering the coordinate value up to 3 digits after the deci-
mal point would still keep all the observations unique. So the value for x and y
were downgraded and the resolution was set to 0.001°. As the range of x and
vy were not exactly the same, the constructed image resulted in an asymmetric
one. This might have leaded to difficulties while processing it further. To make
the image a perfect square, interpolation was done for the coordinate range of
MAnImum(Tmin, Ymin) 10 Maximum(Tmaez, Ymaz) (Where Tiin, Tmaz, Ymin, Ymaz
referred to the minimum and maximum value of x and y, respectively. Need-
less to say, even though this process resulted in forming equal axis for the
image, it also introduced a narrow patch of redundant area in the image in
either of the axis. When %QSL was interpolated on top of this axis range,
this out-of-the-range additional area got extrapolated and might introduce up-
shooting of the value erroneously. Hence, the redundant area was determined
after the interpolation and filled with zero.

Figure 4.15: Determine the effective image area

From Figure 4.15 we see,
MAnIMUm(Tomin, Ymin) = Tmin and mazimum(Tmar, Ymaez) = Ymaz- Lhe area in
between Tyin t0 Ymin and Tpmae 10 Ymar gets discarded. Depending on the value
of x and y, there could be four different scenario of this redundant area being
introduced and they were discarded accordingly.
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Discarding Data Outside of Solar Disc

As per our longitude and latitude calculation, observations, taken outside of
the calculated solar disc, which was basically the sky, were assigned as NAN.
It was not possible to interpolate keeping NAN values in the array. Replacing
NAN values with 0 will did not solve the problem as introduces a band of
erroneous value around the perimeter of the Sun. When we interpolated with
the Sun having higher value and the sky portion with value assigned to 0, the
Sun to sky border area got interpolated having a transition from higher to lower
value. This error was applicable to all the attributes like %QSL, longitude and
latitude. In order to not to encounter such problem, the sky part was erased
from the raw dataset itself and interpolation was done only for the observed
solar disc.

Removing the sky part from the processing removed some valuable informa-
tion as well. It restricted the visualisation of solar features coming out of the
limb, such as CME or prominence. For that reason, the solar images keeping
the sky part filled with 0 value (ignoring the boundary error), were generated
and stored in a separate folder for analysing CME or prominence.

Problem in Longitude Interpolation

The value of the Carrington longitude varies from 0° to 360°. Obviously at
one instance, we cannot see the whole Sun. We rather see the only half that is
visible to us. Naturally, there are such observations where we see such portion of
the Sun which includes both the starting and ending longitude lines. Example
in the flowchart 4.16 shows such a case where we observed the Sun around
298° to 118°. Interpolation simply filled the pixels with values in between 359°
to 0° line. This was definitely undesirable and added on significant error in
the longitude calculation. It would lead to erroneous location listing of solar
features.
To counter this problem, following measures were taken.

1. Determine the leftmost point of the longitude range

e Iind out the longitude value at minimum x point (vjep:).

e Ideally, the minimum x point should be the left most longitude value
and should be set as the reference (v,.¢). But it was not always the
case because of the tilt in the image.

e Find all longitude values within 25% of the nearby range from mini-
mum x point. If there was any minimum value than v, the newly
found point was the vy.;.

e If the value of v;.5s was near to 0° value or near to 360° value, the
above search could be ambiguous. In case of vy value around 0°,
if any value around 360 was found within the 25% range, then the
minimum value towards 360° was set as the actual v.y.
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Original image suffering
from error in
interpolation

Scaled in increasing
order before
interpolation left to
right

Scaled back the
longitude to be original
value (error corrected)

Scaled the longitude
from -90 to +90 left to
right

Figure 4.16: Longitude interpolation

e In case of vy value near to 360°, values near to 0° could be found
within the 25% range. But as 0° is always on the right side of 360°,
the minimum value towards 360 would be the actual v,.;.

2. Scale the longitude value in increasing order from left to right

e Determine the left most longitude value v,.s as described above.

e Keep on subtractingv,.; from all the longitude values left to right.
e If any value went less than 0°, add 360° to it.

e This left us with longitude value in increasing order from left to

right.

3. Linearly interpolate longitude values after being scaled to an increasing
order
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4. Scale back to the original longitudes after interpolation

e Keep on adding the v,y to all longitude values
e [f any value became more than 360°, subtract 360° to it

e The final longitude image was almost without errors as can be seen
from Figure 4.16

Longitude Scaling for NOAA-CMD format

NOAA uses two types of longitude calculation in the SRS list - Carrington
and Central Meridian Distance (CMD). For the CMD format, it divides the
visible disc of the Sun from -90° to +90°. The projection used is not known,
whether the lines are equally spaced or wider around the middle and thinner
near the limb or something else. Hence, we scaled the data from -90° to +90°
left to right keeping the exact spacing defined in MRO .sunmap datafile. Steps
followed are given below.

1. Determine the left most longitude point from the dataset as the reference
value (vpes)

2. keep on subtracting the v,.; + 90° from all the longitude values. Thus
the leftmost point was set to -90°

3. If any value went below -90°, add 360° to it
4. Linearly interpolate the scaled data to make the longitude image

5. Discard any such value, remaining in the image after interpolation, out
of the defined range

Longitude Projection According to SolarMonitor Website

As the projection used by NOAA for CMD longitude scale is not known, for
a trial, the projection used in the SolarMonitor web based service, was repli-
cated. We used the Decision Tree Regression Model to predict the projected
longitude value. This section was part of a random check whether the location
calculation of MRO BR could get improved with this method. Replication of
the SolarMonitor projection involved the steps mentioned bhelow.

1. As per the solar monitor image, determine the percentage spacing be-
tween corresponding 10° points from -90° to +90° over the 0 latitude
line

2. Based on the position of those points (as per the % spacing), calculate
new longitude values from the original MRO defined longitude values

3. The original and calculated data were fitted in a decision tree regression
model which was used to predict all other values present in the interpo-
lated longitude space

4. Thus using the trained decision tree model, we predicted all other longi-
tude points mapped to corresponding solar monitor feature space
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Figure 4.17: Solar Monitor longitude projection?

4.2 Module 2 : Detection of Solar Features

4.2.1 Identification of Radio Brightening

4.2.1.1 Thresholding and Contour Detection

The primary step for finding any feature from the solar map was to threshold
the image in such a way so that the image would be left with only the desired
features. As per the requirement given by MRO, the value of the threshold
should be an user input so that the effect of the threshold on the images could
be studied iteratively in the long run. In this work, empirical values like 102%,
103%, 104% of QSL for thresholding were studied for a comparative analysis.
Thresholding did not yield a binary image here. Above the threshold value,
all values were retained to its own value and the values below the threshold
were set to zero. This operation allowed us to find the location of the bright
region based on the index of the most bright point. Thresholding normally
produced more than one regions. Contours of those generated regions were
determined. Contours with relative area (with respect to the Sun) above the
specified telescope resolution (see 3.2 in Section 3.1), were considered to be
valid radio brightening regions. Contours with very large area, such as having

2Credit: https://solarmonitor.org/
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Region growing technique
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Figure 4.18: Bright region detection procedure
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relative area more than 14% of the solar area, were also discarded as basically
those files had suffered from the cloud shadow effect. Thresholding method
can result into multiple number of unnecessary contours which are supposed
to be part of a same region or vice versa. A kernel size of 25 x 25 was used for
consecutive dilation and erosion process which in return connected the nearby
contour to a single region. This was a crucial step for the quantitative analysis
of the bright regions. It was also necessary to check the contour hierarchy
and the contour boundary points. To consider any contour only once and stop
the redundancy, child contours were kept out of the calculation process. Any
child contour would get considered as a separate contour anyways. It was
also required to verify if the contour was generated only by the pixels above
the threshold. Basic contour finding operation returned the outline index of
the contour. Based on the resolution of the image, each outline point might
correspond to one or more than one pixels. To determine whether a contour
was valid, first the contour boundary points were removed. Then it was checked
if the contour points inside of the contour boundary were of zero or non-zero
value. If the ratio of non zero to zero pixel numbers was above 60%, the
contour was considered to be valid. For this non zero pixel counting operation
and also while calculating the area of any contour, child contours were not
considered. Contours fulfilling all these criteria were considered to be valid
radio bright regions which were presented in the final report. For each of
such valid contour, there were two ways to note down its location. First, the
brightest point of each bright region defined the location of that region. The
index of the bright point from the %QSL map corresponded its location in the
longitude and latitude map as well. Secondly, the geometric moment of the
contour was determined and the location of the geometric centroid denotes the
location of the bright region. These locations were compared to NOAA AR
locations separately. Developed algorithm is inspired by works like [67], [55] as
described in Section 2.2.1.

To find optimum auto threshold for the image, the Yen’s method [141]
of automatic thresholding was used. There are different kinds of global and
local thresholding methods already implemented in most of the programming
languages [142]. Though in some other works such as [143], other threshold
techniques had given better results, testing on our data, among all the available
methods, the Yen’s method seemed to give somewhat acceptable result.

4.2.1.2 Peak Detection and Region Growing

All these global thresholding methods could not discriminate between con-
nected contours and considered connected regions to be a single region. Mreg-
ing of regions in our detection technique leaded to significant data loss in the
analysis section. To figure the problem out, we used peak detection technique
with region growing algorithm. To clean out the erroneous fluctuations from
the image, morphology opening filter, this is erosion operation with 5x 5 kernel,
followed by dilation operation were used. Also, a median filter of 7 x 7 kernel
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size was applied for smoothing out spurious regions. To establish an effective
detection procedure, the threshold was determined using the average value of
the Sun. Precisely, extreme high and low intensity values from the image were
discarded and a second mean was computed instead. Aceeptable threshold for
radio brightening was set to 1.04x second-mean, which was set after empirical
checking of near about 100 images. As the avergae value of the Sun might
go quite low during the solar minimum, the lower limit of 1.04x second-mean
was set to 102% QSL value. It restricted us form detecting peaks those are
actually part of the normal radio emission of the Sun. The local maxima above
the threshold were determined from the image. This parameter selction for
detecting local maxima was quite difficult to be finely tuned so that it would
result in a reliable division of bright regions. Maxima, found above the thresh-
old value which were at least 30 pixels apart, were considered to be valid radio
bright points. These peaks completed the seed selection process for the further
region growing technique. Region gowing technique was used on top of these
peaks using the watershed algorithm [144], [145]. Watershed algorithm treats
an image from topographic perspective. The gradient of the pixel value was
treated as local elevation in our image. Not to over-segment the image, these
elevated pixel values were considered as the predefined markers. Region was
only allowed to grow till pixel values around those markers came down to the
threshold value. The major advantage of this image segmentation process was
its ability to segregate overlapping contours unlike the normal contour finding
operation. The overall process could be seen from flowchart 4.18.

4.2.2 Identification of Quiet Region

As per the definition in Metsdhovi observation, regions with value less than
0.98% of QSL, is considered to be the quiet Sun region. As contrary to the
bright region thresholding, solar images were thresholded in such a way that
values below the threshold was kept as it is, whereas every value above the
threshold was made zero. We can see from flowchart 4.19 that except the outer
contour or the perimeter of the Sun, the other contours were treated with sim-
ilar fashion as described in Section 4.2.1. The solar perimeter is not supposed
to be quite. Due to the observational glitch of not having sharp transition
between the sky and the Sun, the boundary appeared to be quieter. Therefore,
the outer contour was taken into account only when the area associated with
it was quite large. Larger area of outer contour implied that some of the inner
contours were actually attached to the outer contour. To cut those contour out,
a black or zero valued circle, having radius of 80% of the Sun, was drawn on
top of the solar image. New contours were treated in the same way like other
inner contours. Newly generated quiet regions might still have a quieter section
to the side where it was cut out from the outer contour. It mostly happened
when the joined inner contour was very large and it is attached to the outer
perimeter covered a legitimate portion of the solar boundary. In such cases,
the most quiet point always pointed towards the boundary which was probably
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still the result of observational error.
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Figure 4.19: Quiet region detection procedure

So, whenever inner contour was attached to the outer contour in such a
way that it shared around 20% of the solar boundary, we made sure to cut
the regions more to remove the boundary errors. Black circle of smaller radius
( 70% of the solar radius) was used to cut out the inner contours for these
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cases so that the most quiet point of that region preferably would shift to some
other location within the region from the boundary. The quiet regions were
also defined by two ways in the report - by the location of the minimum value
pixel and by the geometric centre of the region.

If there is any such scenario where a quiet region is located inside a bright
region fully or partially, either the datafile is not correct or it is to be further
studied in more detail. A separate output file was maintained with the details
like file-name, hierarchy index of bright region, hierarchy index of quiet region.
If any such instance was found, those particular overlapped bright and quiet
regions were discarded from the calculation. To determine this scenario, each
bright region was compared with every other quiet regions. First, the pixels
of the comparing bright region were filled with white colour and drawn over a
blank image. To keep only the pixels lying inside the contour, boundary of the
contour was removed. The pixels of the quiet region contours were drawn one
by one with another colour and the white pixels from the bright region was
counted every time. For any such quiet contour drawing, if the initial count
of white pixels from the bright region got reduced, it implied that those bright
and quiet regions were somewhat overlapping.

4.2.3 Comparison with NOAA Active Region

NOAA SRS text file was read line by line and split to three types of active
regions (AR) according to the header description. There were days where
no SRS file was present, as well as there were files where no active region
was listed. Problem of abrupt spacing and different formatting in the region
description had to be handled in the program. For each MRO BR, the location
(longitude-latitude) was compared with all the three AR types, i.e. type I,
type 1A, type II. We compared MRO BR longitude with both the longitude
types- carrington and CMD listed by NOAA. This was to find out the best
suitable approach for NOAA AR comparison, as visible from flowchart 4.20. A
buffer limit of £7° and £11° was set for the latitude and longitude comparison
respectively. While comparing with the CMD format, near the limb, the actual
MRO location added with the buffer, would exceed the boundary value of -90°
or +90°. In such cases, comparing range was set to the boundary points. In
NOAA CMD format, South and East directions are assigned with (-) negative
sign. West points the right hand part whereas North points to the top half.
Carrington longitudes are separately listed in the SRS file and the latitude
was extracted from the CMD notation. All the matches against one MRO BR
point were listed, in case of any. For the matched AR, its location, NOAA
number, magnetic complexity and region type were noted as semi-colon (;)
separated values. If no match was present, proper message was written which
also indicated the type of AR listed in the SRS file.
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