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Abstract

This thesis presents work motivated by the belief that the next generation of discoveries in
the eld of astronomy will be made by the marriage of advanced data analysis algorithms
in the form of unsupervised learning techniques, and the unprecedented volumes and
complexities of data from the next generation of surveys. For several years, computers
have been governed by Moore's law, which posited that computing power would double
every two years. The consequence was that computing has also become increasingly
cost-e ective, which has been a driving force in the ability to generate and analyse large
volumes of datasets. These include machine learning advances like the use of deep learning
and scalable techniques such as self-supervised learning which have been revolutionising
areas of research, for example, natural language processing and computer vision.

Similarly, astronomy is also met with a rapid growth in the availability of large datasets.
Morden sky observing instruments such as the radio telescope MeerKAT and the optical
telescope Blanco (which was used for the Dark Energy Survey) are already producing
data volumes at unprecedented scales. The next generation of instruments like the Square
Kilometre Array (SKA) and the Vera C. Rubin Observatory are expected to produce orders
of magnitude more astronomical data at higher resolution and sensitivity. Ongoing e orts

in the form of surveys and data analysis techniques in astronomy are motivated in part
by outstanding questions in galaxy evolution and cosmology as well as the potential to
discover new unknown phenomena. Historically, there has been meritin the ever-increasing
capacity of data-driven research in astronomy. This was either in the increase in the
richness and availability of data, spearheaded by increasing the complexity, number and
scales of sky observing instruments, or the introduction of more advanced data analysis
tools. Baron and Poznanski (2016) noted that whenever new observational parameters are
explored (i.e. surveying larger sky areas, increasing the sensitivity of observing telescopes
or using novel data analysis techniques) discoveries are made.

Machine learning has been vital in accelerating the process of analysing these datasets.
However, the majority of established methods involve supervised learning which requires
large amounts of well-annotated data. These are sometimes obtained by the use of
large numbers of volunteers, called citizen scientists. However, the anticipated scales of
upcoming astronomical datasets are such that these projects will not be able to keep up.
Unsupervised learning is a more powerful approach for dealing with large and unlabeled
datasets. The two main unsupervised learning tasks are anomaly detection, which relates
to detecting rare and unusual objects and clustering, which involves detecting groups of
similar objects in datasets. However, current approaches to unsupervised learning fail to
work with high-dimensional data, such as image data. The consequence is that applying
unsupervised learning must be preceded by techniques that reduce the dimensionality of the
data and retrieve only the relevant information, called representation learning algorithms.

This project built a pipeline for detecting relevant visual morphology classes in astronomy
datasets with minimal human supervision by combining representation learning with
unsupervised learning. The use of deep learning as a tool for representation learning was



explored. A deep learning technique that entailed repurposing a model trained to perform
a di erent task and using it for feature extraction was explored. This was used to obtain
lower dimensional representations for the optical Galaxy Zoo DECaLS dataset. While
the representations could not organise galaxy sources by subtle morphology features,
their utility for artefact removal was demonstrated. Unifold Manifold Approximation and
Projection (UMAP), a dimensionality reduction algorithm, was applied to the representation
to encourage the visibility of artefact clusters in the representation space, which were then
removed.

The use of a deep learning-based self-supervised learning algorithm called Bootstrap
Your Own Latent (BYOL), which attempts to learn useful representations without labels
was studied in the context of astronomy. BYOL was then used to obtain lower dimen-
sional representations of the same optical galaxy image dataset. The quality of these
representations was quanti ed by applying the supervised learning algorithidearest
Neighbour (KNN) on the representations of a small labelled evaluation set to show an
improvement of up to 7% over using the repurposed model. The performance of KNN on
extracted representations was used to gauge di erent practices for training BYOL. These
were in the form of testing hyperparameters, determining augmentation schemes and in
particular, the importance of foundation models in the context of self-supervised learning
was emphasised. The clustering technique Bayesian Gaussian Mixture Model was then
applied to the nal extracted representation space and samples from the clusters were found
to correspond to visually meaningful and scienti cally relevant classes. The distributions
of available labels across the clusters were computed to show that morphological features
such as the presence of tight and loose spiral arms, smoothness, oblateness and central
bulges can be obtained in a completely automated way using this methodology. The
generalisability of the developed pipeline was then tested by applying it to a smaller dataset
of radio images, called MiraBest, further supporting the importance of foundation models,
and demonstrating the ability to automatically detect radio morphology classes, such as
Farnaro -Riley | and 1.

Described below is the relevant literature as well as a general methodology useful for
removing artefacts, detecting dominant and obvious morphological features, rapidly
building training sets that can be used for downstream supervised tasks and detecting
anomalous objects in large and unlabelled datasets.
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1 Galaxy morphology

The study of galaxy morphology dates back to J. L. E. Dreyer, who, in 1888, published the
New General Catalogue (NGC, Dreyer, 1888) based on the work of Sir John Herschel.
The catalogue contained about 8000 objects, including gaseous nebula, stellar clusters and
objects then referred to as spiral nebulae. The true nature of these spiral nebulae divided
astronomers and became the centre of what is now known as the great debate (Hoskin,
1976). The majority believed these objects originated from inside the Milky Way galaxy
while some argued that the objects were extragalactic. This debate was settled in the end,
by Edwin Hubble in the 1920s (Hubble, 1929) who carefully measured the distance to
Cepheid variables (pulsating stars with a well-de ned period-luminosity relation) in the
Andromeda galaxy. Here luminosity ) refers to the total amount of energy radiated by a
celestial object per second.

Today we know that galaxies are large systems of gravitationally bound stars, dust, gas
and dark matter. However exactly how they form and evolve is an ongoing and active eld
of research (Mo et al., 2010; Silk and Mamon, 2012; De Lucia et al., 2014). Answering
guestions related to galaxy formation and evolution requires improvements in theoretical
models and simulations. It also involves understanding di erent galaxy properties, such as
galaxy morphology.

The goal of this section is to give an overview of our understanding of galaxy morphology.
This includes a description of how Hubble classi ed di erent morphologies and how that
shaped modern approaches. It also aims to explain how studying galaxy morphology can
help us tackle unanswered questions in galaxy evolution and cosmology. It includes a
description of some of the ongoing and upcoming optical sky imaging surveys as well as
how some of these surveys were used to produce data sets used in this work.

1.1 Hubble classi cation scheme

In 1926, Hubble invented a broad classi cation scheme for galaxy morphologies observed
in optical sky surveys (Hubble, 1926). The scheme used broad classes including elliptical
(E), spiral (S), lenticular (S0) and irregular galaxies (Irr) galaxies. The ellipticals and
spirals were further subdivided in a way that is best visualised using the appropriately
named Hubble fork diagram Figure 1. The diagram depicts galaxies with di erent visual
appearances as categorised by Hubble. De nitions of the criteria as well as some of the
jargon used to describe the scheme are given below.

De nition 1.1 (Parsec)A unit of distance, 1 parsec is equivalen8s086 10 kilometres.

De nition 1.2 (Solar mass' ). A unit of mass in astronomy. 1 is equivalent to
1498847600007 10°C kilograms.

De nition 1.3 ( magnitude) Absolute magnitude”() is a quantity that measures the
brightness of optical sources by calculating how bright they would appear if they were
10 parsecs away from the observer. The brightness is measured by comparing it to the



Figure 1: A visual depiction of the Hubble classi cation scheme. Image sourced from
Carroll and Ostlie (2017).

apparent magnitudec(. In the case of the Hubble sequence, the light through the blue
Iter is used, hence magnitude. One can show that the apparent magnitude and absolute
magnitude are related by Equation 1.

" < = 245log,f3+10g (1)
In Equation 13 measures the distance to the galaxy in parsecs.

De nition 1.4 (Surface brightness)rhis is a way of capturing and quantifying the apparent
magnitude of extended sources. It may be calculated using Equation 2, wisetiee
area of the source in square arcseconds.

(=<, 25 logyg (@)

De nition 1.5 (Ellipticity). This quanti es the degree of elongation of an ellipsoid through
the use of two parameters, here represented lblye major axis of the ellipsoid, and
the minor axis. v

n=1 -— (3)

De nition 1.6 (Pitch angle) This is the angle between a tangent to a spiral arm and the
tangent to a perfect circle at the point of contact between the spiral arm and the circle
Figure 2.

De nition 1.7 (Bulge dominance)Central bulge dominance is a measure of the luminosity
of the central part of a galaxy relative to the rest of the galaxy. This property applies to
spiral and lenticular galaxies.

Other criteria used in the classi cation scheme depend on the qualitative visual properties
as described below along with the morphology classes.



Figure 2: The pitch angle is between a tangent to a spiral arm and the tangent to a perfect
circle at the point of contact between the spiral arm and the circle.

Elliptical galaxies

Elliptical galaxies appear to be smooth, nearly featureless galaxies that are in the shape of
an ellipsoid. In the scheme, they are divided by the degree of elongation or elliptigcity (

as de ned in Equation 3. The morphology is then quoted as ij(1@nging from EO to

E7. An important note is that any observed ellipticity will depend on both the inherent
ellipticity of the galaxy as well as the orientation of the galaxy to the observer's line of
sight. Ellipticals have been observed to have wide ranges in terms of galaxy properties.
For instance, they have an absolutenagnitude that ranges from -8 to -23, their masses
vary from10’" to 103" and they have diameter ranges from tens to hundreds of
kiloparsecs (kpc). The Hubble scheme includes a transitional sub-class called lenticular
galaxies. They are more featured than elliptical galaxies in that they may show bar-like
structure (as depicted by Figure 1), but lack the necessary properties to be classi ed
as spiral galaxies. They have sizes and luminosities comparable to the larger elliptical
galaxies.

Spiral galaxies

Spiral galaxies appear to have more substructure details than elliptical galaxies. The
noticeable features include the presence of spiral arms, bars and bright spherical centres.
They are split into 2 parallel sequences based on the presence (SB) and absence (S) of
a galactic bar. Perhaps the most obvious morphological feature varying in the spiral
seqguence is the pitch angle which quanti es spiral arm tightness. Spiral arm tightness
along with central bulge dominance and the smoothness of the distribution of stars in
the spiral arms are all used to sequence spirals. This gives the sequences Sa, Sb, Sc
and SBa, SBb, SBc. Sa and SBa morphology types have dominant central bulges, tight
spiral arms with small pitch angles (6 ) and the smoothest distributions of stars in the
spiral arms. On the other end of the sequence, Sc and SBc morphologies have less bright
galactic centres, loose spiral arms (pitch angl&8 ) and the spiral arms appear to be
clumps of stars. Spiral galaxies tend to have smaller variations in their physical parameters
than elliptical galaxies, they have magnitude ranging from -16 to -23, masses from



10°" 102" and diameter ranges of 5 kpc to 100 kpc.

Figure 1 shows that the Hubble scheme included a di erent class of irregular galaxies at
the end of the spiral sequence in the Hubble fork. Irregular galaxies were further split
into Irr-1 for galaxies showing some spiral structure and Irr-1l for completely disorganised
features.

Modi cations to the Hubble scheme

Modern classi cation schemes involve adjustments mainly focused on distinguishing
spiral galaxies and irregulars, also called late-type galaxies. For instance, Nair and
Abraham (2010) include the existence of substructure details such as bars, rings, tails, arm
occulence, dust lanes, lenses, warps, and multiplicity in their catalogue. In the case of
elliptical galaxies, the degree of elongation was found to not correlate well with other
galaxy physical parameters (Carroll and Ostlie, 2017), as a result, the classi cation scheme
of elliptical galaxies now focuses on other important details such as surface brightness,
absolute magnitude and size. Morphological features are studied because of their relation
to galaxy evolution and cosmology.

1.2 Galaxy morphology science

The ongoing interest in morphology (Martel et al., 1998; Buta, 2011; lyer et al., 2024, etc.)
is mainly driven by the quest to understand galaxy evolution. Morphological features must
be explainable by physics and thus, studying the morphology of galaxy populations at
di erent redshifts o ers insights into galaxy evolution. It has been shown for instance, that
galaxies at higher redshifts appear to be smaller, are more likely to show merging activity
and have higher star formation rates than galaxies in the near universe (Conselice, 2014).
However, it is important to note that it is not always clear whether apparent morphologies
are di erent due to the in uence of redshift or galaxy evolution. Distant sources appear
fainter and smaller, these e ects need to be accounted for (e.g. Conselice, 2003; Janz
and Lisker, 2008). There is also the problem that visual morphological classes may
not necessarily correlate with galaxy properties relevant to studying galaxy evolution.
Elliptical galaxies, for example, di er in sizes, colours, and star-formation rates depending
on whether they are observed nearby or at higher redshifts (e.g. Buitrago et al., 2014).

There are, however, relationships between morphological features and important properties
relevant to galaxy evolution as well as cosmology that are being studied. Mergers, for
instance, have been found to play a role in galaxy formation and evolution. Existing studies
include the use of simulations to show that massive galaxies at high redshift8)(

will have typically undergone 4-5 merger events (Conselice, 2006) as well as linking the
formation of massive elliptical galaxies with merging activity (Bell et al., 2004; Scarlata

et al., 2007). Mergers also allow for studying galaxy environments, Pearson et al. (2024)
showed that denser enviroments tend to have high merger fractions. These are some of
the reasons projects such as Darg et al. (2010) aimed to put together large catalogues
of mergers through the help of large surveys that were available at the time. Individual
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morphology features are still being investigated. These include the formation of bars
which is thought to be connected to the evolution of disk galaxy dynamics (Simmons
et al., 2014) as well as driving molecular gas to galactic centres (Sakamoto et al., 1999).
Another application is the study of inside-out quenching which involves understanding
central bulges (Lin et al., 2019). The general relationship between Active Galactic Nuclei
(AGN) activity (described in subsection 2.1) and morphologies is also a subject of study.
Schawinski et al. (2009) for example, showed the fraction of late-type galaxies (spirals and
irregulars) with AGN activity increases with black hole mass while for earl-type galaxies
(ellipticals), it declines. Progress in answering this question is made by making catalogues
of galaxies with detailed morphological features, a problem solved by conducting sky
surveys.

1.3 Optical sky surveys

Modern astronomy continues to push the limits of technology as evidenced by projects
such as the James Web Telescope (Sabelhaus and Decker, 2004) and the extremely large
telescope (Gilmozzi and Spyromilio, 2007). Sky surveys across multiple wavelengths are
getting both deeper and wider, this requires instruments to be optimised for producing
large amounts of data. Evidence shows that there is merit in the ever-advancing complexity
of telescopes and data analysis techniques. An example is the detection of strange galaxies
by Baron and Poznanski (2016) using new data analysis techniques applied to data from
the Sloan Digital Sky Surveys (SDSS). This section discusses the SDSS and the Dark
Energy Survey (DES) as examples of large-scale surveys that enabled morphology-driven
science at unprecedented scales. A discussion of the Vera C. Rubin Observatory Legacy
Survey of Space and Time (LSST) is given to place the scales of the next generation of sky
surveys into context.

The Sloan Digital Sky Survey

The SDSS, during its initial phases (1998-2009), used a 2.5 m wide- eld optical telescope
located at the Apache Point Observatory in New Mexico (York et al., 2000). The
observatory was equipped with a 120-megapixel charge-coupled devices (CCD) camera
imaging 1.5 square degrees of the sky per time in 5 optical bands. It also had a pair
of spectrographs for obtaining spectra of galaxies and quasars. The SDSS has since
completed the original imaging and spectroscopic goals, the nal dataset includes 230
million objects obtained in a total sky area of 8,400 square degrees, almost a quarter of the
sky. It also includes hundreds of thousands of spectra corresponding to galaxies, quasars
and stars. The highly successful survey has accumulated over 10000 papers with over
500,000 citations at the time of writingy It has made numerous contributions to our
understanding of the universe. Some of them include the discovery of quasars at redshifts
I i 6(Fanetal., 1999), demonstrating the extent of dark matter halos through the use of
gravitational weak lensing (Evans and Bridle, 2009), studies of mergers at large scales for
the rsttime (Darg et al., 2010) and the large volumes of data allowed for some of the rst

Ihttps://sloan.org/programs/research/sloan-digital-sky-survey
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applications of advanced data-driven algorithms such as self-supervised machine learning
in the context of galaxy morphology (Hayat et al., 2021).

The Dark Energy Survey

The DES is a wide- eld optical imaging survey of the southern sky that covered a sky
area of 5000 square degrees (Collaboration, 2005). It also included a time-domain survey
covering 27 square degrees. It used the Dark Energy Camera (DECam), an imager with a
pixel scale of 0.263" per pixel mounted at the prime focus of a 4-meter Telescope located at
the Cerro Tololo Inter-American Observatory. It was optimised for answering cosmology
guestions, speci cally the e ects of dark energy on the expansion of the universe. This
would be done by detecting gravitational lenses, studying galaxy clusters and measuring
Baryonic Acoustic Oscillations (BAO, Seo and Eisenstein, 2005). It however remains
useful for a wide range of studies in elds such as galaxy evolution, studies of the Milky
Way and stellar population science.

The Dark Energy Camera Legacy Survey (DECaLS, Dey et al., 2019) aimed to produce
an imaging catalogue to complement the available spectroscopies from the SDSS survey.
It also used the DECam to cover an area of about 9000 square degrees. The DECaLS
catalogue includes the imaging data from the DES. It completed observations in 2019 with
a nal catalogue of 300 million optical galaxies.

The Vera C. Rubin Observatory

The next generation of surveys will, among others, come from the Vera C. Rubin
Observatory Legacy Survey of Space and Time (LSST, ¢verial., 2019), formerly
referred to as the Large Synoptic Survey Telescope. The observatory is located in northern
Chile and will use an 8.4 m primary mirror and is planned to photograph the entire sky
with a 3.2 Gigapixel CCD imaging camera, the largest camera ever constructed to date.
It is expected to produce a database of 20 billion galaxies and a similar number of stars
throughout its 10-year-long lifetime alongside other projects in the time domain. The
primary science goals include answering questions about dark energy and dark matter by
measuring weak gravitational lensing, type la supernovae and BAO as well as studying
how these phenomena behave at di erent redshifts. Other projects include mapping small
objects in the solar system, mapping the Milky Way and detecting transient events.

1.4 The Galaxy Zoo project

The availability of these datasets implies that it is no longer feasible for experts to go
through and inspect each object detected by these sophisticated instruments. A successful
attempt at solving this problem is through the use of large numbers of citizen scientists
to help with categorizing. The Galaxy Zoo project (Fortson et al., 2012) employs the
use of citizen scientists to label large amounts of galaxy morphologies. It uses a publicly
available online platform with a user-friendly interface where citizens are presented with
an image from a given survey and then asked to label it based on morphological features
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such as smoothness, the presence of an artefact, the availability of spiral arms, the presence
of merging activity and so on. The system uses a multiple-choice sequence of questions
visualised by the Galaxy Zoo tree in Figure 3. The labels are soft vote fractions generated
by treating each label from each volunteer as a vote. The Galaxy Zoo project has sourced
data from large-scale surveys such as the SDSS and more recently, DECaLS.

In a period of over 12 years (2007-2019), the Galaxy Zoo project managed to attract over
100,000 volunteers to provide quantitative labels for over a million galaxies (Lintott et al.,
2008). The Galaxy Zoo team has since published over 60 papers, some with over 100
citations. This is another demonstration of the general interest of the astronomy community
in visual morphology-driven science.

The availability of morphology labels at such large scales has made it possible to
conduct data-driven research at larger scales. Some examples of these include placing the
relationship between colour and morphology on a statistical footing (Skibba et al., 2009),
discovering odd phenomena (e.g. Keel et al., 2019) in the data and studies that require
speci ¢ galaxy morphological features such as bars, bulges and spiral arms. The Galaxy
Z00 labels are also useful for building machine learning models (see Part Il) that can then
be used to label more data (Walmsley et al., 2022) as well as feature extraction (Etsebeth
et al., 2023).

In this work, we rely on a dataset that has been sourced from the DECaLS (Data-Release
5) and labelled using the Galaxy Zoo project (Walmsley et al., 2021). The full dataset
includes a total of 314,000 galaxies with a wide range of morphology. A large subset
of the data (99,109 images) received a minimum of 40 classi cations. These are the
images that were classi ed from campaigns dubbed GZD-1 and GZD-2. The rest of the
data sets include less number of voters per galaxy. The galaxies also have an associated
Convolutional Neural Network (CNN) that has been trained to predict the volunteer labels
which may be used to get the labels of the rest of the sample, however, only use the
volunteer labels from the GZD-1 and GZD-2 campaigns in this work.

2 Radio galaxies

Galaxies may be divided according to the wavelengths in which they are brightest. The
galaxies described so far are what are called normal galaxies, they shine predominantly
in the optical due to stellar and interstellar emissions. On the other hand, radio galaxies
are characterised by extended radio emissions that are often much larger than the host
galaxy's optical size. The rst radio galaxy, Cygnus A, was discovered accidentally
by radar engineers in the 1940s as a powerful radio source in the Cygnus constellation.
Improvements in radio detection techniques a couple of years later made it possible for this
and other radio galaxies to be resolved and identi ed (Hey et al., 1948). The observed radio
emission is mainly due to activity in the centres of the galaxies, called Active Galactic
Nuclei (AGN). It is estimated that 1% of all galaxies exhibit some nuclear activity, and
since AGNs are some of the brightest objects in the universe, they are useful probes of the
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Figure 3. The Galaxy Zoo tree: This diagram depicts an example of the classi cation
scheme used in one of the Galaxy Zoo projects. Each galaxy undergoes a sequence of
classi cations done by citizen scientists. Each classi cation counts as a vote to determine
whether that galaxy has that speci c feature. Image adapted from the Galaxy Zoo website.

universe (Urry and Padovani, 1995). Here, the physics as well as the classi cation scheme
of AGN are described.
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2.1 Active Galactic Nuclei

AGNs are highly compact regions 100 pc) in galactic centres that are extremely luminous

in some portions of the electromagnetic spectrum. They are powered by accretion matter
attracted to a central Supermassive Black Hole (SMBH, Lynden-Bell, 1969). In addition
to bursts of radiation, they can also release winds and jets of particles, which give rise to a
wide range of di erent types of AGNs. They are divided based on the strength of the radio
emission into radio-loud AGNs and radio-quiet AGNs. Radio-quiet AGNs, making up
90% of the population, are better understood than radio-loud AGNs (White et al., 2015).

They are thought to be dominated by thermal emission and their host galaxies are known
to have signi cant star formation. Radio-loud AGNs on the other hand, are characterised
by radio emission from jets that originate from galaxy centres. Their physical sizes are on
much larger scales (kpc to Mpc) and the radio emission is thought to be due to synchrotron
radiation, emitted by relativistic electrons and/or positrons in magnetic elds (Hardcastle
and Croston, 2020). The subcategories of radio-loud AGNSs are radio galaxies, blazars and
guasars. Urry and Padovani (1995) and Urry (2003) suggest that these subcategories are
the same processing observed at di erent angles. The idea is that blazars are radio-loud
AGNSs viewed with the jets aligned to the line of sight, quasars occur with the angle is
larger and radio galaxies when it is closer to 90 degrees.

Studying radio-loud AGNs can o er insights into galaxy evolution and cosmology. For
instance, the energetic input of radio-loud AGNs is known to prevent star formation by
preventing the gas content in their host galaxies from cooling through a process called
AGN feedback (Hardcastle and Croston, 2020). Morris et al. (2022) also showed that radio
galaxies with bent jets are more likely to reside in dense environments. Understanding AGN
processes includes studying the di erent radio galaxy populations, which are described in
the next section.

2.2 Radio galaxy populations

While radio galaxies are increasingly being found to have wide ranges of morphology,
they often have some common features. One such feature is called a core, referring to the
bright compact sources at the centre of the galaxies. Cores are also the AGNs and usually
harbour SMBHSs. This is also the position where corresponding optical galaxies can be
identi ed. Another common feature is the presence of jets, which are collimated out ows

of plasma particles emerging from the core usually in two opposite directions. Jets can be
on distance scales of kpc to Mpc. In some radio sources, they extend into what are called
lobes. Lobes are one of the more obvious and original features for distinguishing between
Farnaro -Riley classes which will be described in the next section. They are large sources
(distance scales of kpc to Mpc) usually on each side of the core. They are typically at an
angle of 180 to the core, but can also be at small angles. Lobes may have substructures
found on the edges opposite the side of the core. These regions are associated with the
termination of jets and as a result, they also act as a characteristic division criterion of
Farnaro -Riley classes (described in section 2.2). Cygnus A as shown in Figure 4 has all
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