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Abstract

The last decade in astronomy has seen the growth of time-series data and with it, the emer-
gence of large surveys. Surveys such as PTF (Law et al., 2009), ZTF (Bellm et al., 2019),
CoRoT (Auvergne et al., 2009), HOYS (Froebrich et al., 2018) and VVV (Minniti et al., 2010)
provide large amounts of large-area, multi-epoch data. Such surveys bring a multitude of new
issues, many of which are in the form of ‘unknown-unknowns’. From this, novel techniques are
required to properly analyse these data. Manual analysis is unfeasible and hence, efforts have
been taken to develop tools that seek to automate large portions of the data analysis. The new
dimension of study afforded to us by these surveys allows us to probe the formation, evolution

and death of stars in unique ways.

A fundamental issue arises “How can we completely and robustly extract information from
modern astronomical time series data?” — Answering this question requires the development
of novel methods and the improvement of those already established. In doing so, I aim to
further expand and explain the demographics of variable stars in the Milky Way. By coupling
more sensitive and robust identification methods with more thorough and complete analysis, 1
aim to identify and characterise new and known stellar classes. These actions seek to provide a

more complete and accurate view of the Milky Way, its structure and demographics.

Key contributions of this thesis include the development of a neural network-based false alarm
probability (NN FAP) method, which significantly improves the identification of periodic vari-
ables in large-scale surveys like VVV, LSST, and TESS. This method generates a universally
comparable and unbiased FAP, making it applicable across various types of variable stars, lead-
ing to a more complete view of the demographics of periodic variable stars. The creation of the
PeRiodic Infrared Milky-way VVV Star-catalogue (PRIMVS) underscores the effort to identify
periodic variable stars comprehensively and without bias. Utilising the VVV survey’s depth
and breadth, PRIMVS processed over 86 million candidate variable sources using multiple
period-finding methods and a novel neural network-based false alarm probability, leading to
the identification of approximately 5 million periodic variables. Moreover, the thesis introduces
a contrastive learning approach based on the SimCLR framework with a gated recurrent neu-
ral network (GRU) backbone, specifically designed to handle stochastically sampled time-series
data. This method improves variable star classification by creating semantically meaningful em-
beddings, enabling more nuanced and accurate analysis. Additionally, the integration of VVV
data with Gaia astrometry enhances distance measurements to star forming regions, while the
use of Denoising Diffusion Probabilistic Models (DDPMs) for generating synthetic light curves

provides a novel solution for developing extensive training sets.
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Chapter 1

Introduction

Variable stars are stars whose brightness as seen from Earth uctuates over time. These uc-
tuations can be periodic, quasi-periodic, or aperiodic, each of which provides insights into the
physical processes occurring within the star or in its surrounding environment. Periodic vari-
ability occurs when a star's brightness changes at regular intervals, quasi-periodic variability
occurs with irregular intervals, and aperiodic variability occurs without any predictable pattern.
Understanding the origin and nature of these variations is crucial for mapping the structural
components of our galaxy, studying stellar evolution, and identifying unique celestial phenom-
ena.

This thesis shows the tools and methods that were developed to most completely identify and
analyse variable stars found in the VVV survey. There is a focus on periodic variable stars
although quasi- and aperiodic variable stars are also analysed, albeit as a byproduct of periodic
variable analysis.

The VVV (VISTA Variables in the Va Lactea) survey is a large-scale infrared survey aimed

at studying the Milky Way's bulge and disk. Its primary objective is to detect and catalogue
variable stars to gain insights into the structure and evolution of our Galaxy. Unlike many opti-
cal surveys, VVV's infrared capabilities allow it to see signi cantly deeper through interstellar
dust. Infrared wavelengths can penetrate dust clouds more effectively than optical wavelengths,
allowing the study of Galactic regions that are otherwise obscured. This can uncover stars hid-
den from view in the optical range.

Due to the amount of time-series data produced by the VVV survey (800 million unique sources
over 560 degin the VVV Infrared Astrometric Catalogue (VIRAC2b) Smith et al. (2018)) we
must rely on robust and versatile methods to automatically extract reliable and accurate features.

Time-domain astronomy focuses on observing astronomical sources over time to detect changes
in their brightness, position, or other time-dependent properties. The advent of time-domain

2



Introduction 3

astronomy has revolutionised our understanding of the universe by revealing variable stars, from
which many physical properties can be derived through the analysis of their variability. Transient
events, such as various types of novae, supernovae, gamma-ray bursts, tidal disruption events,
active galactic nuclei, microlensing events are also identi ed and examined wihin this eld.
This eld has also enhanced our understanding of stellar evolution, exoplanet transits, and the
dynamic processes occurring in the interstellar medium.

As variable sources can change their brightness for a wealth of intrinsic and extrinsic reasons,
signi cant efforts must be given to ensure our methods are robust enough to deal with the variety
of variability present in the night sky. The following questions were answered or explored during
this thesis;

What tools can we develop and use to more completely extract variable star information

from the VVV survey?

The uniqueness of the VVV data set brings with it problems pertaining to unknown unknowns.
We do not have a complete understanding of the expected types of infrared variable stars through-
out the Milky Way. We can use existing wide- eld temporal surveys such as Gaia (Gaia Col-
laboration et al., 2018) or Zwicky Transient Facility (ZTF) (Bellm et al., 2019) but these have
different features to VVV (such as wavelength regimes or photometric and temporal depth) and
hence different selection biases. With these differences recognised, efforts have been made to
ensure that methods used for analysis are the most robust and impart the least biases possible.
This was achieved with the development of novel tools, particularly with the use of Machine
Learning. Chapter 2 discusses how a novel machine-learning technique was developed to com-
bat the unreliability of classical technigues for the identi cation of periodic variable stars. Chap-
ter 3 discusses the bespoke pipeline that was constructed to reliably analyse the time series data
from VVV. Chapter 3.8 discusses a method to classify light curves by the analysis of the phase
folded light curve itself.

What are some of the known and unknown populations and demographics of the infrared
variable sky?

Once | have identi ed and constructed the most appropriate tools, | can more con dently explore
the features of any constructed catalogue or data set. The earlier steps in this process will be
most easily achieved by comparing to known and expected demographics. We can do this by
cross-matching, classifying and number counting. Cross-matching is a 5-minute exercise in Tool
for OPerations on Catalogues And Tables (TOPCAT)(Taylor, 2005) and this has already been
done with the likes of Gaia, INT Photometric H-Alpha Survey (IPHAS)(Corradi et al., 2008)
and Wide- eld Infrared Survey Explorer (WISE)(Wright et al., 2010). Classifying the objects

is a dif cult task if the size of the survey precludes manual inspection. This will be achieved
with machine learning techniques such as those illustrated in section 3.8 where the main goal is
large population identi cation (achieved via the clustering of latent space). The identi cation
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of large groups involves tuning latent space projections along with clustering techniques. There
was also a brief look into using dynamic time warping as a way of classi cation.

Separate from the analysis of populations of objects we can look for individual, or smaller
groups of, exotic sources. Effectively a more targeted and deep analysis of objects. The rst
step in this process is their identi cation. This is achieved with the use of the tools already
developed. For instance, this could be dimensionality reduction of the catalogue with selected
features that are astrophysically descriptive (period, amplitude, colour...). The identi cation
of the more exotic objects is an extension of the methods used to identify larger more known
groups.

How else can we utilise novel methods with the VVV survey?

The uniqueness of the VVV survey brings with it many new applications of well understood
methods. We can also utilise machine learning to increase the combined effectiveness of mul-
tiple surveys. Chapter 3 section 3.7.3 shows an initial look into the use of external catalogues
for the classi cation of VVV light curves. Chapter5 section 5.1 shows work on the use of Gaia
optical astrometry with VVV infrared astrometry to create more reliable star forming region
distances.

1.1 Variable Stars

Variable stars can be categorised according to their underlying causes of brightness changes.
Intrinsic variables experience changes due to processes within the star itself, such as pulsations
or eruptions. Extrinsic variables, on the other hand, undergo variability due to external factors,
such as eclipsing binary systems where one star passes in front of another.

The properties of an object's variability can change signi cantly depending on the source of
variability. For example, W Ursae Majoris (W UMa) variables are a relatively common low mass
contact binary of typically F, G or K type stars. W UMas generally have an orbital period of
less than a day with an observed amplitube) of a few tenths of a mag. FU Orionis type stars

are pre-main-sequence stars commonly found in star-forming regions, which have displayed an
extreme change in their magnitude and spectral type, known as FUor events (Herbig, 1966).
Typically, this change happens over approximately 1 year and is expected to last on the order of
decades. It is clear that when designing a time-domain survey, aspects of the survey will change
based on the scienti ¢ goals of the survey. It follows that time-series astronomical surveys and
the light curves they produce can vary signi cantly in their sampling rates, temporal coverage,
surveyed region, wavelength coverage, and quality.

The result of surveys with such signi cant differences means that a direct comparison between
light curves of the same source from different surveys can often be dif cult. Hence, to combat
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this, a source's light curve is analysed and measurable heuristic properties of the light curve are
extracted.

The General Catalogue of Variable Stars (GCVS) (Samus' et al., 2017) classi es variable stars
into several groups based on the mechanisms driving their variability. This classi cation en-
compasses a wide range of stellar phenomena from intrinsic changes in the stars themselves
to extrinsic factors that alter the light we receive from them. An overview of these groups is
visualised in a classi cation tree (Figure 1.1), which is adapted from the work of Eyer and
Mowlavi (Eyer and Mowlavi, 2008).

Intrinsic variables include stars that change in brightness due to the physical mechanisms inter-
nal to the star. Eruptive variables, for instance, show variations in luminosity due to explosive
processes or ares on their surfaces. Rotating variables change brightness as they spin, due to
surface inhomogeneities like star spots or magnetic elds. The complexity of intrinsic variability

re ects the depth and complexity of the physics governing stellar interiors and atmospheres.

Extrinsic variables, in contrast, owe their variability to the line-of-sight effects. This includes the
light from a star being blocked by another star in an eclipsing binary system, or the gravitational
microlensing effect of a massive object passing between a star and the observer. The diversity
of extrinsic variables provides insights into the dynamics of binary systems and the structure of
the Galaxy.

The categorisation presented in the GCVS is a foundation for understanding the diverse charac-
teristics of variable stars. While each category has its own complex attributes and mechanisms,
this introductory overview focuses on the broad classi cation of stellar variability. Detailed dis-
cussions and analyses of each type will be presented in subsequent sections, where the focus
will shift to speci ¢ classes and the role they play in astrophysics.

Assessing a variable star often involves determining the nature of its variability; whether it is
periodic, quasi-periodic, or transient. Transients, such as supernovae or micro-lensing events,
exhibit photometric changes that do not repeat over observable timescales. Periodic variables
are recognised by the presence of a repeating signal in their light curves, although they may also
present additional irregularities in their photometric patterns.

The irregularities often hint at complex underlying physical phenomena, perhaps the interplay
of both intrinsic and extrinsic factors; such as in the case of Young Stellar Objects.

1.1.0.1 Young Stellar Objects

Young Stellar Objects (YSOSs) are stars in the early stages of their formation and evolution. They
are primarily found in star-forming regions and are characterised by their infrared (IR) excess,
strong locational dependence, and signi cant variability.
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FIGURE 1.1: Showing a branching classi cation of variable star types (Eyer and Mowlavi,
2008)

YSOs are typically classi ed into different stages based on their evolutionary status:

» Class 0/l Protostars: These stars are at the earliest stages of their formation. They are
heavily embedded in their natal molecular clouds. They are surrounded by dense en-
velopes of gas and dust and are often detected through their strong infrared and submil-
limeter emission.

» Class Il YSOs/Classical T Tauri Stars (CTTS): These stars have shed much of their sur-
rounding envelope and are now visible in the optical spectrum. They still possess substan-
tial circumstellar disks from which they accrete material. This disk provides both infrared
excess and many sources of intrinsic and extrinsic variability.

» Class lll YSOs/Weak-lined T Tauri Stars (WTTS): These stars are more evolved YSOs
that have lost most of their circumstellar disk material and show weak or no emission lines
in their spectra.

The variability of Young Stellar Objects can stem from multiple sources (Wolk et al., 2018,
2013; Bhardwaj et al., 2019).

One of the most signi cant sources of variability in YSOs is accretion from the circumstel-
lar disk onto the star. Accretion rates can uctuate signi cantly which causes changes in the
measured brightness of the star. Hot spots form on the stellar surface where material from the
disk impacts, causing periodic brightness variations as the star rotates.[CITE] As YSOs rotate,
spots on their surfaces (either hot spots from accretion or cooler star spots similar to sunspots)
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can come in and out of view, causing periodic changes in brightness. Measuring the size and
relative colour of these spots through time can reveal characteristics of the spots.

The circumstellar disk itself can cause variability. Inhomogeneities cause by clumps of dust and
gas within the disk can periodically obscure the star. Leading to extrinsic variability.

YSOs can often exhibit powerful out ows and jets that can interact with the surrounding mate-
rial, causing variability in both the continuum and line emission observed from these stars (Guo
et al., 2021). Similar to more evolved stars, YSOs can have active magnetic elds that lead to
ares and other magnetic activity, contributing to their variability.

It follows that YSOs are naturally highly variable sources. These sources of variability are not
mutually exclusive and so we often observe YSOs undergoing multiple sources of variability.

Despite these complexities, many periodic variables display such a dominance of periodicity in
their variation that they can be effectively treated as purely periodic for practical astrophysical
analysis. The study of variable stars, particularly through extensive photometric surveys, serves
as a pivotal method for both understanding stellar astrophysics and mapping the structural and
evolutional components of the Milky Way.

1.1.1 Intrinsic Variability

An intrinsic variable is a source whose variability stems from the internal physical mechanisms
of the star. One of the most common sources of intrinsic variability isktmeechanism, or

the Eddington valve (Eddington, 1988). This mechanism works on the principle of repeatedly
storing and releasing energy within the stellar atmosphere due to changes in atmospheric opac-
ity. The “valve' here is thought to be governed by an inverse relationship between opacity and
pressure. The abundance of‘Hens is thought to be the source of the kappa mechanism which

is responsible for the variability found in RR Lyrae's (Gillet, 2013; Cox, 1963).

For the case of Beta Cephei variables, stellar oscillations happen in regions where temperatures
approach 200,000 K, coupled with a signi cant presence of iron, known as the Z bump (Miglio
et al., 2007).

Classical Cepheid variable stars have historically been used as the benchmark for accurate dis-
tance estimation through variability (Leavitt and Pickering, 1912; Riess et al., 2019). While
these stars have been instrumental in clarifying the architecture of the Milky Way (Skowron
et al., 2019; Chen et al., 2019; Matsunaga et al., 2011), their association with young stellar
populations and their relative scarcity somewhat limits their utility in providing comprehensive
coverage for Galactic structure tracing. Other types of variable stars also provide useful insight
to mapping the Milky Way, such as RR Lyrae and Type Il Cepheids. Type Il Cepheids bridge the
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gap between classical Cepheids and the older RR Lyrae, offering insights into intermediate-age
populations (Braga et al., 2020).

RR Lyrae stars are older and more uniformly distributed throughout the Galaxy, making them
excellent tracers for the Galactic halo and bulge (Liu et al., 2022; $skrgt al., 2019). RR

Lyrae variables are stars on the horizontal branch of the Hertzsprung-Russell (HR) diagram,
marking a phase where they burn helium in their cores. These stars exhibit variability due to
pulsations, with the nature of these pulsations leading to their classi cation into several types.
RRab stars pulsate in the fundamental mode, which affects the shape of their light curves in a
speci ¢ manner (Skarka, 2014). RRc stars exhibit pulsations in the rst overtone, leading to a
different light curve pro le (Fernley et al., 1990). There are also RRd stars, which uniquely pul-
sate in both the fundamental and rst overtone modes simultaneously (Gruberbauer et al., 2007),
and and act as excellent distance estimators (Chen et al., 2023). The mapping of RR Lyrae stars
particularly allows for probing the ancient, metal-poor components of the Galaxy (Minniti et al.,
2016; Savino et al., 2020). Recent studies have furthered our understanding of these stars,
challenging the traditional view that associates them strictly with the Galaxy's halo. Observa-
tions have now placed some RR Lyrae stars on disk-like orbits (Matsunaga et al., 2022; Maintz
and de Boer, 2005). This suggests that our current understanding of RR Lyrae star formation
might be incomplete. The implication is that there might be alternative mechanisms at play,
possibly involving binary star evolution, that can lead to the creation of RR Lyrae stars in such
orbits (Bobrick et al., 2024). This newer viewpoint invites a broader discussion on the formation
and evolution of RR Lyrae stars, suggesting that the story of these pulsating variables is more
complex than previously thought. RR Lyrae variables not only deepens our knowledge of stellar
physics but also enhances our understanding of Galactic dynamics and evolution. If we have a
good enough indication of photometric extinction we can compare the apparent magnitude to
the absolute magnitud&t,' calculated from equation 1.1, wherB'is the period.

My =( 243 0:12)logio(P 1) (405 0:2) (1.1)

Figure 1.2 shows the phase folded light curve of a W Virginis Cepheid variable.

Mira variables, with their long-period pulsations, can serve as indicators of evolved stellar pop-
ulations. These objects are characterised by dramatic changes in brightness over cycles that can
last up to several hundred days, these stars embody the late stages of stellar evolution for low-
to intermediate-mass stars (Mattei, 1997). As asymptotic giant branch (AGB) stars, Miras ex-
hibit pulsations that result in signi cant increases in their luminosity and size. These processes
are driven by complex internal mechanisms, including thermal pulses and changes in molecular
opacity (Joyce et al., 2024; Templeton et al., 2005). The pulsation mechanism in Mira variables
is believed to be closely related to the changes in their outer layers, where varying molecular
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FIGURE 1.2: Showing the phase folded light curve of RR Lyrae “VVV J175038.85-174859.9".
With the coordinates 26861  17:817 and period of 0.583 days.

opacities lead to large-scale expansion and contraction cycles (Sanders et al., 2022). Much like
many other variable stars, the inherent variability of Miras not only marks them as important ob-
jects for the study of stellar evolution but also as crucial tools for Galactic structure (Catchpole
et al., 2016). Their brightness in the infrared makes them valuable tools for mapping the distri-
bution of evolved stars across the Milky Way (Iwanek et al., 2023). The relationship between the
period of pulsation and luminosity in Mira variables provides a means to estimate distances (He
et al., 2021). Given their extended atmospheres and signi cant mass loss, Mira variables are
also key to enriching the interstellar medium (ISM) with heavy elements and molecules, playing
a pivotal role in the chemical evolution of galaxies (Wood, 1979; Sun Jin et al., 1982).

These are not the only sources of intrinsic variability. Stellar cold spots, which are formed the
same as on our Sun, can be found on any star with an active enough atmosphere. Hot spots can
also be found on stellar objects such as YSOs (Kesseli et al., 2016). These are formed via matter
accretion onto the star via magnetic eld lines. In both cases, the rotation of the star, and thus
spot on its surface, creates a perceived stellar variability.
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FIGURE 1.3: Showing the phase folded light curve of an Eclipsing binary of the eclipsing

binary “OGLE BLG-ECL-169285". With the coordinates 2683 22776 and period of

0.583days. The period is in agreement with the Optical Gravitational Lensing Experiment
(OGLE) collection of variables (Sosagki et al., 2016).

1.1.2 Extrinsic Variability

Extrinsic variability is when a source's observed photometric variability is instead due to a
third external perturber which is acting in between the observer and source. It follows that the
properties of an extrinsic variable are largely dependent on their orientation with respect to the
observer. For the case of eclipsing binary systems, the two stars must orbit around an axis
approximately perpendicular to the line of sight of the observer. This is because their extrinsic
event is the periodic obstruction of one star by the other. Figure 1.3 shows the phase folded
light curve of an Algol type Eclipsing Binary found in PeRiodic Infrared Milky-way VVV Star-
catalogue (PRIMVS).

Due to the nature of binary systems, simple measurable features allow for the study of multiple
physical aspects of the system. Eclipsing binaries are largely independent of stellar class and
so make excellent tracers for the Milky Way's evolutionary history (Garehand Kraus, 2013;

Chen and Guestrin, 2016).



Introduction 11

Taken from the GCVS, eclipsing binaries are categorized into three principal types: contact (EW),
semi-detached (EB), and detached (EA). In the case of contact binaries, exempli ed by the well-
studied W Ursae Majoris systems, both stars extend beyond their Roche lobes to share a common
envelope, leading to direct contact and a state of thermal balance between the components. This
forms a peanut shape. Such EW binaries demonstrate a consistent period-luminosity relation-
ship in the infrared spectrum, a phenomenon attributed to their shared-envelope evolution. This
characteristic, coupled with their minimal sensitivity to the age and metallicity of stellar pop-
ulations, renders them as abundantly precise indicators for mapping the structure of the local
Galactic disk and bulge regions.

Semi-detached EB-type systems, such as the prototypical Beta Lyrae, are characterized by a
unique stellar interaction where only one component lIs its Roche lobe. This con guration
results in mass transfer from the Roche lobe- lling star to its companion, leading to dynamic
evolutionary pathways distinct from those of contact binaries (Mennickent et al., 2020). The
more massive recipient star accumulates matter which in uences the binary's luminosity, spec-
tral energy distribution, and period. Beta Lyrae systems are notable for their deep and com-
plex eclipses, signi cant mass exchange, and the presence of accretion discs around the accre-
tor. These characteristics make EBs crucial for understanding stellar evolution processes, mass
transfer dynamics, and the role of angular momentum in close binary systems.

Detached eclipsing binaries (EA) (Eggen, 1948) are systems where both stars are well within
their respective Roche lobes, avoiding direct mass exchange. This detachment ensures that
each star evolves almost as if it were solitary, preserving their individual characteristics without
the complexities introduced by mass transfer. Algol systems, with their distinct primary and
secondary eclipses, provide a clear window into the fundamental properties of stars, including
masses, radii, and temperatures.

Furthermore, the study of Algol types extends our understanding of stellar evolution, particularly

in the context of mass accretion phenomena observed in some systems. This occurs when the
initially more massive star evolves faster and becomes a compact object, such as a white dwarf,
which can then accrete mass from its companion, leading to a reversal in the mass ratio. This
aspect of Algol binaries not only contributes to our knowledge of binary star evolution but also
aids in the detection of potential gravitational wave sources (Sen et al., 2023).

Planetary transits present a unique and relatively plentiful opportunity to study exoplanets through
the precise measurement of time-series brightness variations of their host stars (Lissauer et al.,
2023). This method hinges on the observation of slight decreases in apparent stellar luminosity
which correspond to the orbiting planet passing in front of the star. The depth of this transit
provides direct insight into the size of the planet relative to its host star, as the amount of dim-
ming is proportional to the ratio of their squared radii. The repeated detection of these dimming
events allows for the determination of the planet's orbital period and thus semi-major axis.
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Similarly, the extrinsic variability observed in YSOs is typically attributed to the interaction
between the star and its circumstellar environment. Unlike the periodic dimming caused by
planetary transits, variability in YSOs can arise from inhomogeneities within their circumstellar
disks. These inhomogeneities can be from dust clumps, gas accumulation, and/or disk warp-
ing, all of which will intermittently obscure the star or re ect its light, causing uctuations in
observed brightness (Lakeland and Naylor, 2022).

Such variability offers a window into the dynamic processes at play in star formation, including
accretion events, disk evolution, and the early interactions between forming planetary systems
and their central stars (PP2, 2023).

1.2 Time Series Analysis

Time series analysis is a critical component of studying variable stars, as it involves examining
sequences of data points collected over time to identify patterns, trends, and/or periodicities. In
astronomy, this analysis is complicated by irregular sampling, noise (correlated or otherwise),
and other observational constraints. Techniques such as Fourier analysis, Lomb-Scargle (LS)
periodograms, and machine learning methods are employed to extract meaningful insights from
light curves.

In an ideal world, astronomical surveys would have strict observing sequences that are not hin-
dered by atmospheric conditions or the lunar, diurnal and solar cycles. In this idealised case,
we would have perfectly spaced observing cadences and periodic signal analysis would be sim-
pli ed to standard Fourier analysis. However, this is not the case and observing cadences are
highly stochastic. Robust and novel methods are required for dealing with the range of data we
might expect to see.

It follows that the rst efforts into period nding algorithms are Fourier based,(Deeming, 1975),
followed by the least-squares approximation,(Lomb, 1976; Scargle, 1982) and more recently,
its generalisation,(Vio et al., 2010) for asymmetrical light curves. Not all methods are Fourier
based. Phase folding methods such as Phase Dispersion Minimisation (PDM),(Stellingwerf,
1978), string length,(Dworetsky, 1983) and the more recent conditional entropy (CE),(Graham
et al., 2013b) are also prevalent (albeit not to the same degree as the Lomb-Scargle method).
Phase folding methods work by rst taking a list of periods with which to test. Then the light
curve is folded onto itself for each period, thus producing a light curve in '‘phase’ space. This
phase folded light curve is then analysed and some feature is extracted. This is then performed
for a set of trial periods and their extracted features are compared to nd a most likely period.
The recent development of machine learning methods (and computers that can ef ciently handle
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them) has also grown into time series analysis in the form of Gaussian Processes (GPs),(Angus
etal., 2018).

Certain methods may be particularly useful when applied to certain stars and less useful for
others. For example, the Lomb-Scargle method can be simpli ed as a sinusoid tting algorithm,
therefore, any star which exhibits sinusoidal-like light curves (Miras, YSOs, Cephieds...) can
be analysed with ease using the Lomb-Scargle method. However, the same method applied to a
star whose periodic nature is not sinusoidal (i.e. featuring 2 minima per oscillation) will likely
not work. Phase folding techniques do not struggle from this issue as they are not tting any
functions. Instead, the caveat of phase folding techniques like PDM and Conditional Entropy
lies with their requirement of binning a light curve in phase and magnitude space, essentially
reducing the resolution of the light curve (see gure 3.5). This means that these techniques are
fundamentally limited in how clearly they can identify the correct period. This also adds an
extra dimension of complexity when it comes to de ning the level of binning, particularly if
re-analysed on a case by case basis.

There have been multiple reviews of period identi cation methods throughout the literature.

In (Heck et al., 1985) numerical simulations are used to compare discrete Fourier transforms,
string length, and phase dispersion methods. None of these methods were found to be no-
tably “better'. In(Schwarzenberg-Czerny, 1999) model function and phase binning methods
were compared using hypothesis-testing theory to evaluate their relative sensitivity to different
kinds of signals. In this work it is shown that methods using smooth model functions, such
as least squares, are more sensitive than those employing binning. Sensitivity increases for
models that more closely t features in the signal. The orthogonal multi-harmonic analysis of
variance method (AOVMHW) (Schwarzenberg-Czerny, 1996) was identi ed as optimal. It is
also mentioned that several of the methods relying on phase binning are equivalent given the
same number of bins. In(Swingler, 1989) it is argued that binning methods (Phase Disper-
sion Minimisation) are effectively approximations to Fourier methods (i.e. Lomb-Scargle - LS).
However, this makes no mention of computational limitations, which can severely impact the
practical exibility of Fourier methods.

Distefano and colleagues (Distefano et al., 2012) conducted a comparative analysis of discrete
Fourier, Lomb-Scargle, and Phase Dispersion Minimization techniques to ascertain their ef-
cacy in deducing the rotation periods of solar-like stars amidst irregular time samplings by
Gaia, utilising synthetic time series. They concluded that the LS method exhibits the highest
ef ciency, boasting a recovery rate of approximately 60%.

Itis also mentioned in (Dubath et al., 2011) that employing a singular methodology could result
in a recovery ef ciency of about 80%. Although, there is no mention of accuracy here. They
speculated that a strategic amalgamation of these methodologies could potentially elevate this
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ef ciency to near-perfect levels. They recommend an initial approach that involves both un-
weighted and weighted Lomb-Scargle techniques, the choice of which should be informed by
the skewness in the magnitude distribution of the source.

Awareness of the strengths and weaknesses of these period nding methods allows for a more
informed posterior analysis. In turn, the hope is that this will allow us to more appropriately
adjust the methods we use to maximise robustness and minimise biases in catalogues constructed
with these methods.

The Lomb-Scargle periodogram is one of the most well known period nding methods used
in astronomy. The Lomb-Scargle periodogram is a Fourier-like period nding method that has
been adapted to work with unevenly sampled data. A detailed discussion of the Lomb-Scargle
periodogram can be found in VanderPlas (2018), which has been used as the basis for the Lomb-
Scargle method in this report.

Due to its popularity, the Lomb-Scargle method is often the rst method an astronomer will
use when identifying a periodic signal. The Lomb-Scargle method has been shown through
literature to be a semi-reliable, easy to use method (Graham et al., 2013a; VanderPlas, 2018;
Swingler, 1989). However, the Lomb-Scargle method, like all other period nding methods, is
not free from caveats. A common and well documented issue with the Lomb-Scargle method is
its tendency to recover a multiple of the period such that= N Prye Or B s= %, where

"N' is any positive integer VanderPlas (2018); Graham et al. (2013a). This problem becomes
exacerbated when the Lomb-Scargle is performed over periodic data that is not analogous to a
sinusoid. Periodic stars such as eclipsing binaries, especially equal mass binaries, are notori-
ously problematic for the LS method (Wang et al., 2012; Molnar et al., 2022).

The generalised Lomb-Scargle periodogram (GLS) has been developed as an extension of the
Lomb-Scargle periodogram. The Lomb-Scargle periodogram does not include the constant term
in the model (i.e. the original Lomb-Scargle method assumes an even distribution light curve
about the mean).

While all phase folding methods are unique, they work in similar ways. Each of these methods
only seeks to measure some quantity about a phase folded light curve. The user then nds at
which periodP gave a calculated valug that re ects a correct period (typically a minimum or
maximum). For the case of the string lendthjs minimised, which can be seen in equation 1.2.
Where T ' is the phase for a given peridg and magnitudeny.

iglq q

Lk=a (M m )2+ (f fi )2+ (M my)2+(fia fe+ D2 (1.2
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FIGURE 1.4: Showing a PDM periodogram. A dashed vertical red line has been plotted at the
peak with the lowest “dispersion'.

Phase Dispersion Minimisation (PDM) is a phase folding technique that seeks to minimise some
measure of the “scatter' of data points in a light curve by phase folding the light curve at different
periods. That is, the PDM method phase folds the light curve for a given list of periods and bins
the phase folded light curve in both phase and magnitude space. Then it computes the variance
within each bin. The period that returns the lowest total binned variance is considered to be
the period recovered by this method. The Conditional Entropy (CE) method is a phase folding
technique that uses a very similar method to PDM (Graham et al., 2013b). The difference being
that the CE method calculates the conditional entropy for each bin.

In time series analysis, periodic signals rarely manifest as neat sinusoids, frequently adopt-
ing non-sinusoidal or Quasi-Periodic (QP) forms. Gaussian Processes (GPs) (Rasmussen and
Williams, 2006) offer a sophisticated framework for modelling these intricate variations by pri-
oritising the covariance structure within the data. The effectiveness of GPs hinges on the selec-
tion of an appropriate kernel. A kernel, or covariance function, is a function that de nes the co-
variance between pairs of random variables within the process. Essentially, it's a way to measure
similarity or correlation between points based on their input features, which in uences the shape
and properties of the functions modelled by the GP. This kernel-centric methodology grants GPs
the exibility to depict the multifaceted nature of astrophysical signals. We effectively only care
about relative photometry when dealing with GPs, a familiar . The 'Quasi-Periodic' kernel effec-
tively captures the quasi-periodic behaviour of a signal. This has shown to be effective in both
the modelling of CQ concentrations atop the Mauna Loa volcano (Rasmussen and Williams,
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2006) and the rotation periods of sun like stars(Angus et al., 2018). GPs are an example of the
still evolving eld of light curve analysis.

1.3 Machine Learning

Machine learning (ML) has emerged as a powerful tool in astronomy, enabling researchers to
process and analyse vast datasets that were previously intractable. By leveraging algorithms
that learn patterns from data, machine learning techniques are beginning to show strengths
in automatically classifying variable stars, predicting stellar behaviour, and identifying novel
sources/phenomena. This has opened new frontiers in astrophysics, where the complexity and
volume of data continue to grow past the domain of classical analysis.

We are already seeing large changes in the zeitgeist as a product of the incredible growth in both
the power and attention of machine learning. Machine learning has found footing in virtually

all studies and arts (Parker et al., 2019; Lopez-Vazquez et al., 2023; Wehenkel et al., 2023; Sulc
etal., 2023; Wills et al., 2023; Ramesh et al., 2021). In the eld of astronomy, machine learning
has already made large and unignorable changes. Figure 1.5 shows the yearly submission rate
of machine learning related papers to arXiv:astro-ph. It is apparent that the rise of machine
learning was a relatively fast and strong occurrence. It can also be seen that whilst machine
learning was by no means popular in the 90's, it was still an active eld of research in the realms
of astronomy.

The concept of arti cial intelligence (Al) has historical roots stretching back to at least Leibniz's
Dissertation on the Art of Combinatioms 1666. Leibniz, drawing inspiration from Descartes

and Llull, proposed that a 'universal language' could represent all ideas through a limited set of
fundamental concepts, suggesting that new ideas could be logically generated, potentially by a
computing machine. Despite the ambitious goal (‘let us calculate"), the pursuit to replicate or
approximate human reasoning and the computational capabilities of the human brain continues
unabated.

In 1943, McCulloch and Pitts introduced the foundational model for a computational neuron,
termed the MP neuron (McCulloch and Pitts, 1943). This model is characterised by binary
inputsx; 2 f0;1g and a single binary outpyt2 f0;1g. An essential feature of their model is

the inclusion of an 'inhibitory' input 2 f 0; 1g, which suppresses the outputytes 0 if | = 1.

The MP neuron generates an output of y=1 or " res' when the summation of inputs surpasses a
prede ned threshold.

Despite its simplicity, the MP neuron model encapsulates a robust abstraction, enabling the
computation of basic Boolean functions. Complex functions can be realised by interlinking
multiple MP neurons, embodying a universal function approximator. Nonetheless, the model



Introduction 17

FIGURE 1.5: The yearly submission rate of arXiv:astro-ph papers related to machine
learning.  Signi cant papers are also highlighted. The full data is available here at
https://www.kaggle.com/Cornell-University/arxiv

exhibits a critical limitation in its inability to learn. This gap was bridged by Rosenblatt in
1958 (Rosenblatt, 1958) through the integration of the MP neuron model with Hebb's theory of
neuronal connectivity (Heb, 1950), laying the groundwork for learning in arti cial neurons.

Assembling multiple arti cial neurons forms a structure akin to what is depicted in gure 1.6.
This con guration comprises an input layer, a "hidden' layer acting as intermediary, and an
output layer.

We can consider the task of devising a classi er capable of distinguishing between different
types of stellar light curve (assuming we have an idealised set of equal length light curves).
In a Multilayer Perceptron (MLP) (similar to gure 1.6), each data-point in the light curve is
represented by a neuron in the input layer, with each neuron processing the data-point's numeric
value and transmitting the signal onwards through the network. The subsequent neuron layer
processes inputs derived from the outputs of the preceding layer. This is maintained until the
signal reaches the output layer, there can be any number of “hidden layers'. For classi cation
tasks such, as the light curve classi er above, the output layer yields "n' predictions, each with
a value ranging from zero to one. We can then assign a set of output variable to correspond
to stellar class. The desired outcome is for the network to approximate output values to their
corresponding stellar class.

Standard feed-forward neural networks, such as the MLP, output a xed-size vector for a given
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Input Hidden Ouput
layer layer layer

FIGURE 1.6: The MultiLayer Perceptron. The network has one hidden layer "H1' which takes
‘n" inputs of X,'. The hidden layer(s) are fully connected to the input and predictive output
“pn' which can have any number of outputs (including 1)

D = o——o—
& &b

FIGURE 1.7: The Recurrent Neural Network. The unrolled Recurrent Neural Network shows
how the inputs X' are passed to hidden stat®, to produce predictionpy’

xed-size input. However, there are scenarios where we might need to handle variably sized vec-
tors, such as classifying a light curve dataset in the real world. A stellar light curve will vary in
length due to observing patterns and data quality cuts (The VVV survey ranges from 40-1000+
measurements). This variability in length makes it challenging to use MLPs directly for classi -
cation tasks due to their requirement for xed-size inputs. Recurrent Neural Networks (RNNs)
(similar to gure 1.7) are designed to address this limitation by accepting variable-length inputs
and producing variable-length outputs, thanks to their internal ‘'memory' that retains informa-
tion from previously seen data. As an RNN processes new input, its weights are adjusted via the
back propagation through time algorithm (BPTT).

We can consider the use of RNNs with our previous task of devising a classi er capable of dis-
tinguishing between different types of stellar light curve. An RNN can be employed to process
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the data as a sequential serfeg; xo;:::;xng, Where eachx denotes a measurement of lumi-
nosity at a given time. This series is input into the RNN in a sequentially. While the RNN
outputs a prediction for each, only the output corresponding iq—the nal measurement

in the sequence—is utilised for the ultimate classi catipn The accuracy of this prediction

is gauged against the actual morphological clasthrough a loss functioh n(yn; pn), Which
guanti es the difference between the RNN's prediction and the true classi cation. Optimisation
of the RNN's weights is achieved by minimisitgy(yn; pn)-

1.3.1 Machine Learning in Astronomy

Due in part to necessity, the overwhelming majority of machine learning research has been
in the eld of extra-galactic astronomy. This is largely in part to galaxies being dif cult to
parameterise with classical techniques. It follows that the historical path of machine learning
in astrophysics is largely that of extra-galactic research. The power of MLPs were shown early
with Odewahn et al. (1992). Astronomical objects were classi ed into stars and galaxies using
data from the Palomar Sky Survey Automated Plate Scanner catalogue (Pennington et al., 1993).
Their methodology involved extracting emergent image parameters such as diameter, ellipticity,
area, and plate transmission from the scanned observations. These parameters served as input
for training both a linear perceptron and a feed-forward MLP to segregate stars from galaxies.
The most effective model demonstrated a galaxy classi cation completeness of 95% for objects
brighter than 19.5 mag. Storrie-Lombardi et al. (1992) utilised an MLP that processed a set of
thirteen galaxy summary statistics to categorise galaxies into one of ve morphological types.
They reported a primary accuracy of 64% and secondary accuracy reaching 90%. Early on it
was shown that stellar spectra can be classi ed by temperature (von Hippel et al., 1994) and
spectral type (Klusch and Napiwotzki, 1993). These initial investigations further af rmed the
capability of MLPs as useful tools in the automatic classi cation of astronomical objects.

By 2014, Convolutional Neural Networks (CNNSs) (Krizhevsky et al., 2012) were being applied
to the search for pulsars as part of a broader ensemble of methods (Zhu et al., 2014). The ef-
fectiveness of their approach is shown by achieving virtually perfect results. Where 100% of
pulsar candidates from their test set were ranked within the top 961 out of 90,008 candidates.
The classi cation of spectra into quasars, stars and galaxies was shown to be an effective appli-
cation of a 1D-CNN (Hila, 2014). A notable win for the power of machine learning was found

in leveraging the Galaxy Zoo dataset (Raddick et al., 2010) where it was possible to construct
a training set from citizen labelled data to classify galaxies. This was shown in Dieleman et al.
(2015) and later Walmsley et al. (2020).

The advent of Recurrent Neural Networks (RNN, Hochreiter and Schmidhuber, 1997) in astron-
omy marked a signi cant milestone, with the rst known application being the classi cation of
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potential extraterrestrial narrow-band radio signals (Brodrick et al., 2004). Many notable works
have contributed to underscoring the ef cacy of RNNs in astronomical classi cation tasks (Naul
etal., 2018; Gomez Gonzalez et al., 2018; Carrasco-Davis et al., 2019; Finke et al., 2021).

1.3.2 Machine Learning for the treatment of light curves

In the Supernova Photometric Classi cation Challenge (SPCC), Karpenka et al. (2013) pre-
sented a neural network approach that relied on tted light curve coef cients, proving compet-

itive against more complex models. Their method ts supernova light curves across various
lters to a highly adaptable analytical function, with the aim to capture the characteristics of su-

pernovae types. This tting process, coupled with a comprehensive feature vector that includes
parameters such as the number of ux measurements and the maximum likelihood of t, enables
the neural network to differentiate between Type la and non-la supernovae with 82% accuracy.

The nature of RNNs mean they are often adopted when unevenly sized sequential data is used -
light curves.

RNNs demonstrated the ability to accurately inpaint missing time series data from the NASA
Kepler mission (Capizzi et al., 2012). The noise pro les and covariances of stellar light curves
are complex and simpli ed for human interoperability when simulated (Emmanoulopoulos et al.,
2013). Thus it is notable that the RNN here couldlerstandhe data so well.

This interest in RNNs for regression tasks grew notably in the late 2010s, with (Shen et al., 2019;
Morningstar et al., 2019; Liu et al., 2019) showcasing their utility in denoising gravitational
wave data, reconstructing gravitationally lensed galaxies, and predicting solar are activity, re-
spectively. These studies collectively reinforce the role of RNNs as effective tools for regression
in astronomical time series analysis.

The use of RNNs for auto-encoding has also shown to be possible for the embedding of variable
main sequence starsigler et al., 2016). An echo state network (Jaeger, 2002), was used to ex-
tract representation embedding of variable main sequence stars, uncovering emergent properties
such as temperature and surface gravity.

With the advent of increasingly comprehensive astronomical surveys, the necessity for auto-
mated systems capable of ef ciently extracting and classifying variable objects has surged.
This requirement aligns well with the capabilities of machine-learning classi cation algorithms,
where photometric light curves serve as the basis for feature generation, and training data are
sourced from established variable star catalogues. The GCVS exempli es such a catalogue,
having compiled variable objects since 1946. This approach has been applied to data from
All-Sky Automated Survey for Supernovae (ASAS-SN) (Jayasinghe et al., 2018, 2019), Gaia
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DR2 (Rimoldini et al., 2019), EROS-II light curves (Kim et al., 2014), and in the identi cation
of microlensing events (Husseiniova et al., 2021).

Supervised learning methods demand extensive, pre-classi ed datasets that encompass the di-
versity of objects a new survey may observe. Training set biases are regularly re ected in the
classi er's performance. This often results in the compound effects of biases and in many ways,
the result of such a self supervised tasks. We end up with inheriting the biases of both.

For example, using a Gaia light curve training set (such as Rimoldini et al. (2023)) to classify a
WISE light curve dataset would be problematic. We would essentially inherit the optical depth
of GAIA with pixel scale and light curve quality of WISE, essentially resulting in the worst
features of both. This issue is not critical, if we are able to parameterise the data using the
biased limitations of the training data (i.e. EB stars will likely be suf ciently parameterised in
such an example). It follows that a robust understanding of the data used for self supervised
machine learning is of paramount importance.

In Dubath et al. (2011) a random forest method is used to automatically classify periodic vari-
ables in the "Hipparcos' data. In this paper, it is noted that the most important feature for correct
classi cation was the period. In Kim and Bailer-Jones (2016) a package for the automatic clas-
si cation of periodic variables is shown. Much like the previous paper, the period is by far the
most important feature when classifying such stars. It follows that the performance of these
machine-learning methods are directly affected by the accuracy and reliability of their period
nding methods. However, not all machine-learning techniques require a calculated period,
some works strive to classify without computing features. In Becker et al. (2020) a featureless
classi cation method is used.

Unsupervised learning algorithms, like clustering, adopt a more neutral stance, capable of un-
covering dataset structures and identifying anomalies (Brett et al., 2004; Eyer and Blake, 2005;
Sarro et al., 2009). More nuanced self supervised techniques have also shown to be incredi-
bly powerful and are primed to fundamentally change astronomy (Hayat et al., 2021; Sarmiento
et al., 2021; Slijepcevic et al., 2022) and more generally, science (Smith et al., 2023; Bountos
et al., 2022; Saleh et al., 2022; Lastilla et al., 2022) Considering the size and complexity of fu-
ture datasets, it seems compelling that unsupervised learning will play a very prominent role in
processing and analysis. Employing a blend of supervised and unsupervised learning may offer
the best strategy for managing and analysing burgeoning datasets.
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1.4 The Vista Variables in Via Lactea (VVV) survey

The United Kingdom Infrared Telescope (UKIRT) Infrared Deep Sky Survey (UKIDSS) (Lawrence
et al., 2007) is a large-scale near-IR survey conducted on the United Kingdom Infrared Tele-
scope (UKIRT). UKIDSS, which began operations in May 2005, serves as a successor to the
Two Micron All Sky Survey (2MASS) and surveyed 7500 deyd the Northern sky. UKIDSS
consists of ve individual surveys, of which, the UKIDSS Galactic Plane Survey (GPS) is one.
GPS surveyed 1868 dégf the Galactic plane with Galactic latitudgs > 5 inthe J, Hand K

Iters. The GPS provides two/three epochs of K-band photometry and has an aim of investigat-
ing phases of stellar evolution via the detection of high amplitude near-IR variability (Contreras
Pdia et al., 2014). The GPS will investigate eruptive young stellar objects (YSOs) also known
as FUor and EXor events (Montmerle, 1990; Contrera®aRa al., 2014; Lucas et al., 2017).

As GPS is a large area with only two epochs, it is suitable for the study of such high amplitude
variability with long decay times.

A main caveat of GPS is the limited epochs. Hence, differentiating between FUor events and
other sources of variability, such as Miras and Novae, can be dif cult. Another caveat of GPS is
the relatively low dynamic range. The conservative saturation limit for GR% s 12:0,my <

12:75 andmy < 13:25 and a 90% completenessmf = 18.0, my = 1875m; = 19:5(Lucas

et al., 2008). If we consider that an average FUor event has an increase in brightness of

6 mag (Bell et al., 1995) this signi cantly reduces the range of FUor events that can be fully
studied. Furthermore, events with a shorter decay time are at risk of not being detected, such
as EXor events. In ContrerasfiReet al. (2014) it is discussed that GPS was largely used as a
precursor for the VISTA Variables in the'&/Lactea (VVV) survey (Minniti et al., 2010).

The VVV survey is a infrared time-series survey focused on the southern viewable Galactic disk
and bulge. The VVV survey feature light curves with approximately 40 to 80 epochs of data in
the Ks band (from 2010 to 2015). In addition to thg band data VVV also features 2 epochs

of Z;Y;J& H photometry taken at the start and end of the survey. The VVV survey saturates
atKs 12 and is 90% complete &s 16:8 mag however it is noted the magnitude limit

is strongly dependent on the crowding of the eld. Due to its multiple epochs in and around
the Galactic centre, VVV is useful for a wide array of studies, particularly in time-domain
astrophysics.

The VISTA telescope features an array of 16 Raytheon VIRGO HgCdTe 0.84-2.5 micron detec-
tors (Bornfreund, 2005) in an arrangement shown in gure 1.8. For a stak@atille' measure-

ment VISTA will start by taking 2 4-second ’jitter' images shifted©y30”, this is performed

to account for the 2% "bad' pixels for a typical VISTA detector.

VISTA moves the telescope to 6 unique pointing positions to Il in the gaps between the detec-
tors. The telescope is moved in 3x2 pattern with 3 positions in the Y-axis of the camera and 2 in
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FIGURE 1.8: Diagram representing the detector arrangement as if looking directly down the
camera body. The +Y-axis here points north and the Z-axis would point towards the sky

the X-axis. Each of which is a stacked pair of jitter images. This method creates full coverage of
a 1.5deg coverage of the night sky. This also means that, due to overlap, multiple sources will
be measured multiple times for a single observing tile, for this report, these will be referred to

as ‘paw-print pairs'. Figure 1.9 shows the distribution of measurements in a single VISTA tile.

The VVV survey was extended into the VVV eXtended survey (VVVX). VVVX furthers the
original survey in both the original area and expanded regions. With an additional 3k 10
observations in the original VVV area. VVVX covers 1700 @egd will take 2000 observing
hours. Figure1.18 shows the original VVV area (red) and its extended regions. The blue
region extends into the Vista Hemisphere Survey (VHS) (McMahon et al., 2013).

VIRAC is a near-infrared astrometric catalogue of the VVV survey. VIRAC features light curves
for over 80 million unique sources over a 5608agea. For this project, the VIRAC2 catalogue
(Smith et al. in prep) is used which differs from that discussed in Smith et al. (2018) in the
way its photometric reduction was performed. The original VIRAC was based on the standard

Iywvsurvey.org
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FIGURE 1.9: Diagram representing the number of detections within a VISTAd#ek green
= 1,light green = 2, magenta= 3, red = 4, yellow = 6, in the unit of a pair of jitter images.

products provided by the v1.3 pipeline of the Cambridge Astronomical Survey Unit (CASU)
while VIRAC2 uses pro le tting photometry carried out with DoPHOT (Schechter et al., 1993).
The new procedure was implemented to mitigate the blending of sources in highly crowded
regions of the inner bulge (Hajdu et al., 2020).

As VVV is only near-IR, classifying the sources based on colour alone is sometimes not suf-
cient. It is stated in Contreras @ et al. (2017) that AGB stars are the largest source of
contamination when studying YSOs using VVV. Much like in UKIDSS, differentiating between
YSOs and AGB stars can be dif cult (Guo et al., 2020; Koenig and Leisawitz, 2014). Both
YSOs and AGB stars have IR excess caused by surrounding material being heated by the star.
In the case of YSOs, this material is the circumstellar disk. AGB stars feature a thermal pulse
cycle where they radially expand and contract. This creates uctuations in effective temperature
and subsequently, optical opacity.

AGB stars radiate in IR due to the thick circumstellar envelopes. However, when we consider
the extra dimension of time afforded to us by multiple epochs of data we can drastically re-

duce the degeneracy of such stellar classi cations. In the case of differentiating between YSOs
and AGB stars, AGB stars typically have longer periods compared to YSOs. AGBs periods

are typically around 100-1000 days (Takeuti et al., 2013; Chibueze et al., 2016) with the more
optically obscured OH/IR stars having periods between 500-1800 dayar(@arEsteban et al.,
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FIGURE 1.10: Showing the a colour coded map of the area covered by VVV and V\Réx:
The original VVV areaCyan: The extension to the original bulge ar€2yan: The extension
to the original disk area by 10 degrees Galactic longitite ( 4.5 deg). Yellow: The exten-
sion to the disk area froh= 295deg td = 230deg b= 2:28 deg). Blue: Extending the
southern disk area laterally by 2.22 deg. In doing so, partly overlapping with VHS.

2006) while YSOs typically have periods between 0.2-14 days (Wolk et al., 2018),Although this
is dependent on the source of variability, such as AA Tau like extinction events (Covey et al.,
2021).

Furthermore, AGB stars undergo other perturbations which effect their periodicity on long time
scales (Mfner and Olofsson, 2018) and so light curves with suf cient temporal coverage (such
as those found in VVVV) will look less perfectly variable when compared with a YSO. Time series
analysis can be performed both manually via visual inspection of a light curve or automatically
by the extraction of features such as the period and amplitude (or less obvious features such as
the "Q' and "M’ values (Cody et al., 2014)).



Chapter 2

The veri cation of periodicity with the
use of recurrent neural networks

Abstract

The ability to automatically and robustly self-verify periodicity present in time-series astronom-
ical data is becoming more important as data sets rapidly increase in size. The age of large
astronomical surveys has rendered manual inspection of time-series data less practical. Previ-
ous efforts in generating a false alarm probability to verify the periodicity of stars have been
aimed towards the analysis of a constructed periodogram. However, these methods feature cor-
relations with features that do not pertain to periodicity, such as light curve shape, slow trends
and stochastic variability. The common assumption that photometric errors are Gaussian and
well determined is also a limitation of analytic methods. We present a novel machine learning
based technique which directly analyses the phase folded light curve for its false alarm probabil-
ity. We show that the results of this method are largely insensitive to the shape of the light curve,
and we establish minimum values for the number of data points and the amplitude to noise ratio.
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2.1 Introduction

The identi cation of periodic variable stars is not a trivial task; well-understood statistical mea-
sures can be used to identify variability in time-series but not so easily periodic variability. The
Stetson variability indexI' (Stetson, 1996) compares the variability of each observation with

its neighbour and their errors. The Von Neumann eta intéXNeumann, 1941) represents

the ratio of the mean of the successive differences squared, to the variance of the light curve.
Both of these methods are reasonably robust in detecting variability in time-series. More sim-
plistic methods, such as a comparison between some measure of scatter (Interquartile Range,
Standard deviatioa or Median Absolute Deviation) and the uncertainty, have also been shown

to be useful (Sokolovsky et al., 2017). Using tools such as the Lomb-Scargle method (Lomb,
1976; Scargle, 1982) and Phase Dispersion Minimisation (PDM, Stellingwerf, 1978), we can
construct a periodogram to probe for periodic variability. Nevertheless, extrema in the peri-
odogram are likely to be present regardless of whether or not the source is truly periodic. These
extrema can scale with the amplitude of the periodic signal such that periodograms of periodic
sources become distinct from truly random variability. However, in cases where a light curve
features aperiodic or secular variability, ambiguities can arise (Park et al., 2021). This is of par-
ticular issue when dealing with stars which can feature multiple sources of variability, such as
asymptotic giant branch stars (Templeton et al., 2005), whose long term periodicity could be
undifferentiable to that of secular variability by periodogram analysis alone. Furthermore, their
values do not scale universally (i.e. the peak value for an aperiodic source may be the same as
that for a periodic source).

In cases where extrema are not present, this could be interpreted as an indication of insuf cient
periodogram coverage or the lack of periodic variability.

Thus, we do not automatically obtain a universal measure of periodicity from a periodogram. If
a periodogram shows candidate periods, then for smaller selections of sources, it is feasible to
manually verify the periodicity of each. This is typically performed by visual inspection of the
phase folded light curve. Looking forward, in the current and future age of survey astronomy
with surveys such as LSST (lvézet al., 2019), ZTF (Bellm et al., 2019), Kepler (Borucki et al.,
2003) and TESS (Ricker et al., 2015), we anticipate time-series catalogues of sizes that render
suf cient manual inspection increasingly non-viable. Hence, a reliable and robust metric for
identifying periodicity is required.

It is not a guarantee that a large survey will feature high cadence sampling. Surveys such as
VISTA Variables in the Via Lactea (VVV, Minniti et al., 2010; Saito et al., 2012), the NEOWISE
mission of the Wide Field Infrared Survey Explorer (Wright et al., 2010; Mainzer et al., 2014)
andGaia (Gaia Collaboration et al., 2021) have catalogues which can also feature large sample
sizes for which rigorous human inspection is impractical. These surveys contain relatively few
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observations for each source, an issue that is also very common in small, targeted observing
projects. The sparse sampling makes it harder to con rm periodicity with classical methods.

The metric for determining periodicity in a time-series is commonly referred to as a False Alarm
Probability (FAP). Previous work on determining an accurate FAP has largely been directed to-
ward the analysis of the constructed periodogram. These methods, such as the method proposed
by Baluev (2008), employ extreme value statistics to determine an upper bound for the false
alarm probability of a Lomb-Scargle periodogram. This has the clear limitation that the method
is designed to distinguish sinusoidal variations from Gaussian white noise, not accounting for
stochastic variability, non-Gaussian errors, imprecise error estimates and non-sinusoidal peri-
odic variations. Baluev (2009) extended their earlier work to the case of multi-harmonic light
curves but this is only a partial solution to the above issues. Bootstrapping is another commonly
used technique where the periodogram of a light curve that has been randomly shuf ed N times
to create N aperiodic periodograms is compared to that of the unshuf ed light curve. The FAP
in this case is the percentage of times the peak of an aperiodic periodogram is larger than that of
the peak from the suspect periodic periodogram.

In Stellingwerf (1978), a statistical analysis of the constructed PDM periodogram is used to
obtain a metric of false alarm probability (P-value). This method assumes that photometric
errors are perfectly estimated Gaussians. The absence of any other aperiodic variability is also
assumed. There is also no treatment of spurious arti cial periodic signals, which can occur
with unevenly and sparsely sampled light curves. Many surveys feature these periods at varying
rates of incidence. It is of particular note for ground-based surveys with semi-regular observing
patterns, such as the VVV survey. Methods such as PDM that bin the phase-folded light curve
to construct their periodogram are also limited by imperfections in the model. This can become
increasingly signi cant as sampling decreases. This issue exists even with the binless approach
to PDM presented by Plavchan et al. (2008). Separately, heuristic methods based on céduced
statistics have been employed to distinguish true and false periodic variable star candidates (e.g.
Irwin et al., 2009). This explicitly acknowledges the effects of an imperfect light curve model
and imprecise photometric uncertainties. In this work, we show how we can utilise neural
networks to differentiate between true and false periodic variable star candidates without the
need for a prior light curve model.

2.2 Method

In our approach, the analysis of the light curve is achieved via a Recurrent Neural Network. An
RNN was chosen because they are designed and used for serially correlated data, such as astro-
nomical light curves. Previous efforts in their use with light curves have shown their applicabil-

ity and ability to parse astronomical time-series data (Burhanudin et al., 2021; Zhang and Zou,
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2018). This network is trained on pre-labelled periodic and aperiodic phase-folded light curves
of variable stars. The network was trained for 96 epde¥ith an Adam optimiser (Kingma and

Ba, 2014) and with 20% of the training data used as a validation set. Early stopping was used to
halt training as soon as the incremental change in the validation loss furidtien10 °.

The model is constructed with 13 Gated Recurrent Unit (GRU, Cho et al., 2014) layers, 1024
nodes per layer and a binary cross entropy loss model. The choice of GRUs over Long-Short
Term Memory (LSTM, Hochreiter and Schmidhuber, 1997) was motivated by the calculated

loss, which was lower for GRUs. The RNN was written in Keras (Chollet et al., 2015).

Ablative testing has shown that the speci cs of the architecture of the network are not crucial
and having “enough' GRUs is suf cient for operability.

2.2.1 Data preparation

The input training data consists of the magnitudg),( phase f(;) and change in phase (i.e.
Dfi=f; f; 1). Magnitude errors were not used for this method as they commonly do not
fully represent the true photometric uncertainty. We tested various combinations of features and
removing the magnitude error consistently improved performance with lower loss and higher ac-
curacy. Instead, we reject any points with a large magnitude amy@r( 0:1 in this case). We

also reject points with a high DoPHOT (Schechter et al., 1993) "Chi' parameter, which indicates
a poor tto a stellar pro le.

The input also includes a feature that is derived from an interpolated t of the time-series with
200 evenly spaced points, performed by an inverse distance-weighted K-nearest neighbours
(KNN) regressor (Fix and Hodges, 1951) which was taken from Scikit-learn (Pedregosa et al.,
2011). This was performed as a form of smoothing in an attempt to more clearly display vari-
ability with evenly spaced data.

A randomly variable light curve will have an interpolated t that tends towards a straight line.
Each of these features were added after ablative testing (i.e. features were added and removed
iteratively and the combination of features that produced the highest accuracy and lowest loss
was used). Each light curve was either cut to 200 data points in size or padded with zeroes to a
length of 200.

The same light curve is phase shifted randomly 10 times by an amount betweengamnd 2

each version is shown to the neural network. This is done in an attempt to remove a dependency
on the starting position of the light curve. This is similar to the methodology for contrastive
learning (Chen et al., 2020). We do not want the network to care about the absolute phase value.

1An “epoch’ here is an iteration over the whole training set
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Alternatively, we could ensure the light curve is always ordered from a set point in the light
curve, such as the turning points. However, we found this step to be unreliable with noisy data.
A single un Itered outlier or otherwise erroneously extreme point would cause such an approach
to fail as the light curve's minima could be incorrectly identi ed.

2.3 Data

The training data used for training the neural network FAP (NN FAP) is a combination of both
real and synthetic light curves.

In the trained model used for this paper, there were 20 000 real and 60 000 synthetic light curves
with half of each corresponding to periodic or aperiodic. This means that a FAP of 0 was given

to the 10000 real and 30000 synthetic periodic light curves and a FAP of 1 was given to the

other 10000 real and 30 000 synthetic aperiodic light curves. The synthetic light curves were

split evenly across each of the ve listed equations (2.1-2.4).

Through the development of this method, it was found that a small number of mislabelled light
curves can have a large impact on the abilities of this method (i.e. an aperiodic light curve being
labelled as periodic or vice versa).

2.3.1 Realtraining data

The training data are VVV light curves whose periodic nature was supported by classi cation
from two optical surveys. A set of 10,000 known real periodic light curves were identi ed by
eye (by co-authors NM, CM & WC) after cross-matching data from the VVV survey, (and a
pre-release version of its time-series catalogue, VIRAEL (&mith et al., 2018, Smith et al., in

prep) with other known periodic variable star catalogues, namely the ZTF catalogue of periodic
variable stars and the ASAS-SN catalogue of variable stars (Chen et al., 2020; Pawlak et al.,
2019). The cross-matching was performed to generate a list of suspect periodic and aperiodic
variable stars.

All of the 10,000 aperiodic light curves were identi ed by eye as rejected periodic variables.

Figure 2.1 shows a random selection of real training light curves and their interpolated t. Both
the interpolated t and the raw magnitude measurements are given to the RNN.

Figure 2.2 shows the distributions of number of data points, signal-to-noise ratio and number
of cycles in the time series for the training data. The real data is drawn directly from this
distribution.
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FIGURE 2.1: Some example real aperiodic (red) and periodic (green) light curves used for
training. The black points represent the evenly spaced t provided by the KNN regressor.

FIGURE 2.2: Showing the distribution of the number of data points (N), signal-to-noise ratio
and cycles (light curve length / period) for the training set used.
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2.3.2 Synthetic training data: Periodic light curves

Synthetic light curves were created via the use of a real light curve with a periodic signal in-
jected, similar to the work by Graham et al. (2013a). An overview of the steps taken are as

follows:

1. Remove all photometric information from a real light curve, retaining only the time
stamps.

2. Inject periodic signal into "blank’ light curvsee equations 2.1-2.4)

3. Generate the errors by sampling from those associated with the real photometry, using a
look-up table.

4. Scatter light curve based on the injected error.

Training the neural network on exclusively sinusoidal light curves could bias our FAP against
Eclipsing Binaries and other more complex light curves.

Figure 2.3 shows an example of each of the forms of light curves generated with 1000 measure-
ments with an amplitude of 1 mag. These equations aim to roughly (but not exactly or compre-
hensively) model the common types of pulsators and binary light curves that are seen (Molnar
et al., 2022). Type 1 is a distorted sinusoid which is a fairly standard form for synthetic light
curves (Cincotta et al., 1995; Huijse et al., 2012). Types 2 &5 are eclipsing binary-like light
curves (i.e. more than one turning point per period). Type 3 is used to mimic the common
identifying feature of a contact binary system (Kirk et al., 2016) and Type 4 is a simple sinu-
soid. An important reason for using multiple shapes to train the network is to remove as much
of a dependency on light curve shape as possible. This is similar to the methodology for con-
trastive learning. By showing the network multiple different shapes of a periodic signal we aim
to remove any biases related to its shape.

The method by which the synthetic data is created also means that the light curve parameters are
drawn from the distributions shown in Figure 2.2. The periods used are randomly selected from a
uniform distribution between 0.1 and half the length of the light curve (peridd0:1; 1500).

We note that the period (or number of cycles) used for the synthetic light curves is largely
inconsequential to how it is perceived by the RNN. The RNN is only shown the phase fold of
the light curve and so there is little difference between otherwise identical light curves with
different periods. This is also the case for the total time range of the light curve. Provided at
least one cycle is captured, the number of measurements and signal-to-noise are the limiting
factors. This is a potential caveat for this method as a low FAP could be assigned for a light
curve with only one cycle, which is not suf cient for the actual identi cation of periodicity. We
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FIGURE 2.3: Examples of each of the forms of the light curves used for testing and training
the neural network FAP.

recommend only trusting the FAP from this method if the period is less then half of the length
of the light curve (i.e. at least two cycles are captured).

Type 1. m(t) = 0:5sin ZTp)t Bisin 4—? Bysin (2.1)
!
2 pt 2
Types 2 & 5. m(t)=1  Assin + Agsin ) (2.2)
Type 3. m(t)= sin Z—St (2.3)
Type 4. m(t) = sin Z—St (2.4)

A periodic signal is added to the source light curve, and the photometric error is derived using a
KNN search of a dataset containing information about the photometric uncertainty of 1 000 000
data points from the VIRAC database. This dataset is utilised to identify the 100 nearest neigh-
bours, from which the mean and standard deviation are computed.
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Each data point in the light curve has its photometny &nd photometric erromg,;) drawn
from a Gaussian constructed of these 100 nearest neighbours.

2.3.3 Synthetic training data: Aperiodic light curves

We employ two methods to generate aperiodic light curves: a real or synthetic periodic variable
has its photometric order randomly shuf ed. The time data is left unmodi ed to conserve the
observing cadence of the original survey. We effectively create a light curve of random noise
with the survey's observing pattern conserved. This method also removes any other correlated
effects, such as photometric uncertainty, that may be present in real aperiodic light curves. One
caveat present is that by destroying correlated effects, the neural network could differentiate be-
tween the aperiodic and periodic synthetic light curves with greater ease. The second method of
aperiodic synthetic light curve generation involves taking a known non-variable star (identi ed
with a Stetson index 0:1) and re-sampling the photometric points with a larger scatter. For
each measurement a Gaussian is constructedwathm; ands 3 my.er, Wheremy.¢, is the
measurement error. The light curve is then re-scaled to ensure a realistic amplitude.

This method retains as much temporally correlated, but non-periodic, information as possible
compared to the random shuf e method. An example of this is with astronomical seeing, which

can vary on long timescales, affecting multiple measurements. With VVV (and subsequent cat-
alogue VIRAC 2b) data we have instances where bad seeing causes DoPHOT to systematically
underestimate ux in crowded elds. Such a case could appear as a non-periodic signal in the
light curve. In less crowded elds, poor weather will increase the uncertainty at times, creating

correlated uncertainty which may occasionally lead to a spurious aperiodic signal. This is of
particular note as the neural network is never shown the photometric uncertainty. This method
of in ating measurement error will weaken but not fully destroy these correlated effects.

The random shuf e method enables training with non-Gaussian aperiodic signals. Due to the
limitations of these methods, it is bene cial to also have real training data. The synthetic data
has the advantage of volume with the certainty of aperiodicity. This allows us to construct a
training data set large enough to train an RNN.

2.3.4 Test Data

We generate 3 data sets to test our classier. A real data set was constructed by manually
classifying 8000 previously unseen real light curves taken from the same VVV survey. These
8000 sources were identi ed from the same ZTF and ASAS-SN periodic catalogues that were
used in training. Each light curve hasdas > 2 (where A' is the amplitude calculated as the
difference between the 1% and 99% percentile after sigma clippingsdrisi calculated as the
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FIGURE 2.4: Examples of a synthetic sinusoidal light curve varying through the number of
data points in the light curve on the x-axis and the amplitude of the light curve in the y-axis.
The median magnitude error for each point was 0.1.

median value of the magnitude error.) The manual classi cation of the real light curves involved
selecting phase-folded periodic variables by eye. This was independently repeated multiple
times by three astronomers to ensure reliability. All of the astronomers agreed on classi cation.
Any ambiguous light curves were removed from the set. Two synthetic data sets were also
constructed via the method described in Section 2.3. The data set "Variable N' was generated
as 80000 identical synthetic light curves with only the number of data points per light curve
varied (10< N < 600. A median SNR A=s) of 10 was generated for each of these. The
data set "Variable SNR' was generated as 80 000 identical synthetic light curves with only the
signal-to-noise ratio varied. For each light curve in the Variable SNR data set, there were 200
data points used. Figure 2.4 exempli es both "Variable N' and "Variable SNR' orx tied
y-axes, respectively. The four types of synthetic variables used were evenly split for both of the
synthetic data sets.
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Source | NN FAP | Baluev
Real 0.99193[ 0.95245
Variable SNR| 0.99808 | 0.97843
Variable N | 0.99703| 0.97393

TABLE 2.1: Showing the AUC for each data set and method.

2.4 Experimental results from RNN

To quantify the performance of the NN FAP we can test its ability as a binary classi er and
compare it to the commonly used Baluev method. We use the generalised Lomb-Scargle pe-
riodogram along with its associated FAP as described by ZechmeisteriasteK(2009) for

our calculations of the Baluev FAP. The Baluev FAP typically lies in a range between unity and
10 2°%and so the y-axis of the Baluev FAP plots have been shown as both linear and logarithmic
scaling.

2.4.1 Performance Measurements

The Receiver Operator Characteristic (ROC) curve is used to measure the capability of a binary
classi er as the threshold for classi cation is varied. An idealised binary classi er will have a
threshold at which theensitivityandspeci city are equal to 1.

Figure 2.5 shows the true positive rate (otherwise known as the sensitivity) versus the false posi-
tive rate (otherwise known as 1 - speci city). Equation (2.5) shows more clearly how sensitivity
and speci city are de ned (where TP and TN are True Positive and Negative respectively. FP
and FN are False Positive and Negative respectively.)

TN

Sensitivity= TN+ EP

Speci city = (2.5)

TP+ FN

The Area Under the ROC Curve (AUC) can be calculated as an evaluation metric for a binary

classi er. Table 2.1 shows the AUC for each tested data set. This shows that the NN FAP

method has a larger AUC for each data set than the Baluev method. This indicates that the
NN FAP method performs better in each test. However, the AUC metric does not tell the whole

story, as discussed below.

Figure 2.6 shows the median NN FAP as a function of N Ard. This was calculated for
80,000 synthetic sinusoidal periodic light curves (i.e. generated with equation 2.4). The calcu-
lations were performed with a range o&k3N < 100 and 01 < A=s < 2:1. We can see that

this method appears reliable providads >; 1:5 and N> 40. We note that a median value
does not reveal occasional failures and we suggest a limit®f30 for greater reliability, based
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FIGURE 2.5: Showing the ROC Curve for the neural network and Baluev methods as a binary

classi er. Solid line real data set classi ed by ey@®ashed linesynthetic data set where the

number of measurements was varied (Figure 2R®)tted line a synthetic data set where the
SNR was varied (Figure 2.9).

on the results in section 2.4.2 and Figure 2.8. A small amplitude with respect to the uncertainty
is likely to give false negatives whereas a small number of measurements is likely to give false
positives.

We also randomly selected 1000 eclipsing binary stars from the VIVACE catalogue (Molnar
et al., 2022). This catalogue was generated from the same VVV data that this model was trained
on. All light curves were independently veri ed as eclipsing binary for this test. We construct

a periodogram with both Lomb-Scargle and PDM and choose whichever period produced the
lowest NN FAP. We nd that 997 of the 1000 were identi ed as periodic with a FAFD.1. The

three light curves which failed to be identi ed each featured a FAR.6. In each of these three

light curves there was a signi cantly shorter transit time paired withkN60 measurements.

The identi cation of the correct periodicity can be an issue when a light curve can look periodic
when phase folded at multiple different periods. If an eclipsing binary features a similar size
and shape for each eclipse then the NN FAP can erroneously be assigned half the true period as
the two dips in the light curve are likely to be undifferentiable in the phase fold. This can be
problematic for equal mass eclipsing binary systems.
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FIGURE 2.6: Showing the FAP calculated for synthetic light curves as a function of the number
of data points "N' in the x-axis and=s in the y-axis
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24.2 FAPvsN

The number of measurements used to constitute a light curve can vary by orders of magnitude
dependent on the survey. Surveys such as Kepler and TESS feature highly sampled light curves
which should not pose an issue to any FAP technique. However, this is not always the case and
many surveys feature light curves with fewer than 100 measurements. Figure 2.7 shows how
the Baluev FAP and the NN FAP vary as a function of the number of measurements “N' for the
synthetic light curve described in section 2.3.4. The NN FAP does not produce any signi cant
number of false negatives as the number of measurements decreases to 10. The Baluev FAP
has a clear trend as a function of N and starts to increase to a problematic range of values as N
approaches 50 measurements. It can also be seen that the Baluev FAP has a dependency on
the shape of the light curve with more sinusoidal light curves assigned a lower FAP compared
to more complex light curves such as eclipsing binary shapes. This is an issue as it can lead to
incorrect conclusions on the demographics of variable stars.

Again using the synthetic light curves described in section 2.3.4, in Figure 2.8 (bottom panel)
we show that the NN FAP sometimes falls to low values for aperiodic light curvés<a$0,
potentially leading to false positive classi cations. These false positives arise as any variable
light curve with a small number of points will more easily represent a periodic light curve at
a given phase fold. Caution should be taken with this method when searching for periodic
variables with fewer than 50 measurements. By contrast, the Baluev FAP does not suffer from
this problem but Figure 2.8 (top panel) shows that it is more likely to assign false negatives to
periodic light curves within the same range.

It is not possible to de ne a threshold for either method which we can use to perfectly separate
the periodic and aperiodic light curves. Such a threshold must be set by the user depending on
preference regarding completeness and purity. The periodic light curves shown in Figure 2.8
have a maximum NN FAP of 0.791 but the minimum NN FAP for aperiodic light curves is
0.01. The Baluev FAP has a maximum value of 0.015 for periodic light curves but a minimum
value of 1197 10 ° for the aperiodic light curves. The Baluev FAP values for periodic and
aperiodic light curves overlap despite never approaching 1. The median Baluev FAP for the
aperiodic light curves wheN 100 is 0.0012 and whed 50 it is 0.0005. Using the widely
adopted criterion for the Baluev FAP lifg;o(FAP) < 2 (Koeltzsch et al., 2009; Herbst et al.,
2000; Chen et al., 2020; Botan et al., 2021) yields misidenti cation of only four of the synthetic
aperiodic light curves plotted in Figure 2.8 as periodic, while incorrectly categorising 13,849
(46:4%) aperiodic stars as periodic. This indicates that a lower threshold is more suitable for
our synthetic light curves. In Molnar et al. (2022) a Baluev FAP selectidogab(FAP) < 10

was used to de ne a reliable but incomplete set of VVV light curves for training. If we were to
use that cut for this data we would misidentify 11528@%6) periodic light curves as aperiodic
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