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Abstract of Dissertation

Characterizing the Radio Transient Sky

Since the beginning of history, humans have looked up to the sky for possible changes
and their significance. Transient phenomena, that is, phenomena that appear for a
time and then disappear, have always been a particular curiosity. We now know a
bit more about these phenomena, but they nonetheless continue to be a source of
amazing extremes. We know some of these transients to be merging neutron stars,
collapsing massive stars, neutron stars with extremely high magnetic field strength,
matter accreting onto black holes, flares from giant planets and stars, and much more.
The study of these phenomena has been undergoing a shift recently: advances in radio
interferometers such as the MeerKAT observatory in South Africa have allowed for
the radio regime to be studied in unprecedented detail. MeerKAT has a field of view
of almost two square degrees at an observing frequency of 1.3 GHz. This capability,
together with its great sensitivity, opens the possibility for finding transients and
variables in image searches in the radio regime, a task previously only possible in the
optical, x-rays and gamma-rays. With these searches, parameters such as the transient
surface density and the transient rate can be found for the radio sky, which is useful for
population studies and finding counterparts to rare transients. Furthermore, this opens
the possibility for finding new phenomena and understanding existing phenomena at a
deeper level. In addition, radio continues to be essential in the follow-up observations
of transient phenomena such as gravitational wave sources and short gamma-ray
bursts, due to the ability for radio observations to uncover the physics of the outflows
and environments of these extreme events. This thesis presents follow-up searches
of short gamma-ray bursts, commensal transient searches in observations at various
timescales, and detailed simulations to accurately determine transient rates from such

commensal searches.
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1 Introduction

A burst of gamma-rays from merging neutron stars, a star exploding at the end of its
lifetime, a bright are caused by a star's extremely strong magnetic eld: these are all
examples of astrophysical transients. Transient phenomena like these examples can
be seen in all parts of the electromagnetic spectrum, from low frequency radio using
arrays of dipole antennae to the gamma-ray detectors in space at GeV energies and on
the ground at TeV energies. Just as early scientists like Tycho Brahe and Johannes
Kepler observed what appeared to be a \new star” in the sky (Brahe, 1573; Kepler,
1606), we are lled with wonder and scienti ¢ inspiration by the perplexing, changing
sky above us. With the history of the study of astrophysical transients being almost
as old as human written history itself, new advances require new instruments and
techniques to propel the eld towards new discoveries.

These new instruments need to have a large view of the sky, also known as the
eld of view, and good sensitivity to detect even the faintest sources of light. These
requirements made it for a long time only possible to nd many of these phenomena
in certain parts of the electromagnetic spectrum, such as in gamma-rays, X-rays, and
optical wave bands. Now, with upgraded radio facilities, searching for transients in
the radio regime has become easier and more promising than ever before (Fender &
Bell, 2011).

Observing transient phenomena at radio wavelengths allows for probing some of
the most extreme environments in the universe. Radio is an ideal regime for studying
the synchrotron emission from high-energy phenomena, probing the fastest ejecta and
with less of an absorption e ect due to interstellar dust in the Milky Way galaxy when
compared to the optical and X-ray regimes. In addition, for many objects the shape of
the synchrotron spectrum can be well de ned and tracked over time in the radio (e.g.,
Granot & van der Horst, 2014). In other cases, low-frequency radio observations may

probe coherent emission from transients (e.g., Pietka et al., 2015). It is possible that



there may be many more kinds of transient objects that are not found yet. With
the coming of new large radio interferometers, not only will the objects we already
know about be studied in more detail, but we will also be able to study objects that
may not have previously been characterized. These discoveries and observations will

expand our understanding of transient phenomena and their environments.

Searching for Transients

Due to recently built and upgraded facilities in the radio regime, there is a tremendous
opportunity for nding and studying transient phenomena. Figure 1 (Murphy et al.,
2017) shows how complicated the observational parameter space is when searching
for transients: one has to consider the sensitivity of the observations, the timescale
or approximate duration of the transients, the observing frequency within the radio
band, and the shape of the rise and fall of the emission, otherwise known as the light
curve. In this gure, we can see how various transient searches in radio have been
able to place constraints on the possible number of times a transient will be seen in
a given part of the sky. This number is called the transient surface density and is
shown on the vertical axis. From this plot we also see how di erent surveys place
di erent limits on this quantity depending on the assumed timescale or duration of
the transient (left-hand side of Figure 1) and the sensitivity of the observations that
were taken (right-hand side of the gure).

Figure 2 (Pietka et al., 2015) shows the kinds of objects that may be variable
or transient in the radio regime. The horizontal axis shows the observing frequency
multiplied by the pulse width, the latter being a proxy for the transient duration,
and the vertical axis shows the spectral luminosity. Overplotted are dotted lines for
di erent brightness temperatures: the brightness temperature is the temperature of a

black body with its peak at the observing frequency As can be seen, di erent types

In the Rayleigh-Jeans limit, this can be represented ag = 2?22ka’ where Ty, is the brightness



Figure 1 These plots show the limits on the transient rate observed in radio surveys.
The plot on the left shows the transient rate surface density for the timescale probed by
the survey; the plot on the right shows the transient surface density for the sensitivity

of the survey (Murphy et al., 2017). Various transient searches around 1 GHz have
probed a portion of parameter space, but there is much more that can be done. The
lines for the various kinds of objects are from Metzger et al. (2015). These objects
are magnetars, tidal disruption events (TDE), long gamma-ray burst events (LGRB),

o0 -axis short gamma-ray burst events (SGRB), and neutron star mergers resulting in
a black hole (NSM).



Figure 2 From Pietka et al. (2015), spectral luminosity plotted against the observing
frequency multiplied by pulse width. The diagonal lines represent di erent brightness
temperatures.

of transients can be grouped together on this plot. On the shortest timescales are
astrophysical phenomena such as fast radio bursts (FRBs), extremely short (about
ten milliseconds) and bright bursts of radio emission of which the origins are still
mysterious and being investigated (CHIME/FRB Collaboration et al., 2021); and
pulsars, rapidly rotating neutron stars which emit bright pulses in radio wavelengths.
On longer timescales, we see phenomena like gamma-ray bursts (GRBs), mass-accreting
supermassive black holes known as active galactic nuclei (AGN), supernovae from
exploding stars, and X-ray binaries from stars that are in orbit with a compact object
like a black hole or neutron star.

Figure 2 (Pietka et al., 2015) shows that by observing at various frequencies and
time scales, many di erent kinds of objects can be probed and perhaps some of the

gaps can be lled. Furthermore, moving to lower frequencies and/or shorter duration

temperature, c is the speed of light, is the observing frequency, and s the intensity at a given
observing frequency. See e.g. Rybicki & Lightman (1986) for more information.

4



allows for observing a broader diversity of objects, including observing coherent
emission processes. This coherent emission is emission in which the properties of
the electromagnetic waves are uniform, usually generated in very small and highly
structured environments. At very short timescales, i.e., shorter than about 1 second,

it is di cult to make a radio image, and as a result many coherent emission transients
are observed using time series analysis in a high time resolution mode.

On longer timescales it is possible to make radio images that are sensitive to
the faintest of emission across multiple frequencies. This kind of detail allows for
observing and characterizing synchrotron emission. Synchrotron emission is created
when electrons are accelerated to relativistic speeds, producing a predictable pattern of
emission over time and across the radio frequencies. This kind of emission is possible
when powerful out ows and jets interact with their environments, creating shocks.
By studying the exact way in which the emission behaves as a function of time and
frequency, we can learn many di erent properties of the exact microphysics within
these shocks, the global energetics, and the density and structure of the surrounding
material in the environment (or medium).

In this thesis, we focus on studying transients in radio images, which means that
most of the transients we would usually expect to observe would have some sort of
synchrotron emission. However, with the powerful new telescopes at our disposal we
are able to make images at shorter and shorter timescales, down to even seconds. As
can be seen in Figure 2, this part of parameter space has very few types of known
transients, and the transients that are on these short timescales include the very bright
FRBs. At these short timescales, if the instantaneous sensitivity and image delity of
the telescope is su cient, it may be possible to detect a very bright event such as an
FRB even if its duration is actually much shorter than the integration time, or the
time that the radio telescope spends looking in one place. Such a detection would

be possible if the transient is so bright that even after averaging out the emission



over the integration time, it can still be detected. Exciting developments in radio
observatories and time-domain astronomy make this an ideal moment in time to study

radio transients and search for possible new types of transients.

New Radio Telescopes

Up until fairly recently, transient searches were mostly practical in the optical, X-ray
or gamma-ray regime. The ability to do transient searches in radio has come with
upgrades to existing facilities, such as the improved sensitivity and frequency coverage
of the Karl G. Jansky Very Large Array (VLA or JVLA, Perley et al., 2011); and the
rise of new radio facilities, such as the MeerKAT Karoo Area Telescope (MeerKAT;
Jonas & MeerKAT Team, 2016), with its wide eld of view and unparalleled sensitivity
in its observing bands; the Low Frequency Array (LOFAR; van Haarlem et al., 2013),
with excellent sensitivity in low radio frequencies and capabilities for resolving very
small objects by using the antennae spanning the European continent; the Murchison
Wide eld Array (MWA Tingay et al., 2013), with its excellent sensitivity at low
frequencies and wide eld of view; and the Australian Square Kilometer Array Precursor
(ASKAP; Hotan et al., 2014), with its wide eld of view and excellent survey speed,
just to name a few. Another crucial component to this new era of radio astronomy
is the fact that computers have become advanced enough to process the immense
amount of data produced by these advanced telescopes. For example, the Square
Kilometer Array (SKA) (Dewdney et al., 2009), for which many of the aforementioned
telescopes are path nders, is expected to need exascale-level computing power and
e ciency to operate e ectively, that is computing power capable of performing 18
double precision oating point operations per second (Vermij et al., 2015).

The upgraded VLA (Perley et al., 2011) began observing in 2012 and provided a
vast improvement over the previous generation. It allowed for increased sensitivity,

broader observing frequency bands, and vastly improved correlators and other hardware



and software, allowing for better agging and ner frequency resolution. Sensitivity
increases help a great deal for transient follow-up observations. For instance, for
gamma-ray bursts (GRBs), the VLA is used to follow up on detections made in other
bands. Observing in the radio can provide a much clearer picture of the physics behind
these events (see also the next section), and the upgrade makes that possible for a much
larger sample than before (which was sensitivity limited Chandra & Frail (2012)). The
VLA was a valuable resource in following up on the rst electromagnetic counterpart

to a gravitational wave event, GW170817, an event that was quite remarkable in
the amount of new knowledge gained in several areas of physics. The peak ux of
this event was at the border of what the old VLA could have observed. After this
detection with the VLA, | participated in a collaboration using the VLA to follow up

on gravitational wave events. This resulted in an observation for which we obtained
upper limits (Chastain & a larger Collaboration, 2019). In addition to following up

on gravitational waves, using the VLA (Roberts et al., 2021), | also assisted with the
search for a radio counterpart to an extragalactic magnetar, a neutron star with an
extremely strong magnetic eld that was detected in the gamma-rays. Both of these
projects are not part of the thesis presented here, since it focuses on advances made
with the new MeerKAT observatory.

MeerKAT (Jonas & MeerKAT Team, 2016) is a radio interferometer in South
Africa that has recently come online (summer of 2018), will be part of SKA Phase 1,
and observes at mainly in the L band (856-1711 MHz), but has recently also started
observing in the UHF (544-1087 MHz) and S bands (1750-3499 MHz). With a eld
of view of almost two square degrees at 1.3 GHz, and a very good image delity
at short timescales, MeerKAT provides a unique opportunity to nd transients in
this observing band. It is also well suited for transient follow up since it has better
sensitivity and image quality than the VLA between 1 and 2 GHz.

In light of the excellent capabilities of MeerKAT, ThunderKAT (Woudt et al., 2016)



was proposed as a Large Survey Project on MeerKAT, with the goal of studying radio
transients. Many important results have come from observations by the ThunderKAT
collaboration, such as follow-up observations of several X-ray binaries showing jets
(e.qg., Bright et al., 2020); new transient discoveries in commensal searches, such as
in Driessen et al. (2020) and Andersson et al. (2022); discoveries of variable sources
and limits on transient rates such as in Rowlinson et al. (2022) and Chastain et al.
(2023), and many more. The wealth of deep observations taken by MeerKAT is ideal
for studying and searching for radio transients like never before, even engaging citizen

scientists in new ways as welf.

Following Up on Transients

In addition to searching for transients, the radio regime is used to follow up on transient
phenomena that have been discovered in other parts of the electromagnetic spectrum.
GRBs are prime examples of transients followed up in the radio and their value to our

understanding of high-energy astrophysical phenomena.

Gamma-Ray Burst Afterglows

GRB afterglows were discovered to follow the prompt gamma-ray emission of GRBs
in 1997, and the rst radio afterglow emission was found for GRB 970508 (Frail et al.,
1997). GRB afterglows have a distinct synchrotron spectrum with multiple segments
and characteristic frequencies (Sari et al., 1998; Wijers & Galama, 1999). These
characteristic frequencies correspond to the minimum energy for the electron energy
distribution, the synchrotron self-absorption frequency, and the cooling frequency of
the most energetic electrons. The characteristic frequencies and the peak ux evolve
with a certain time dependence and typically follow the Blandford-McKee solution for

a relativistic blast wave at early times (Blandford & McKee, 1976). The behavior of

2https://www.zooniverse.org/projects/alex-andersson/bursts-from-space-meerkat/



the spectra can reveal a number of physical properties of the collimated out ow, or jet,
produced in the GRB explosion, the emission processes at play, and the environment.
Radio follow up is essential for getting a clear picture of the long term behavior,
since the afterglow is visible in radio long after the optical and X-ray emission have
disappeared; and in some cases, even until the non-relativistic phase (Sedov, 1959;
Taylor, 1950), such as for GRB 030329 (van der Horst et al., 2008). In particular in the
radio, the breaks in the synchrotron spectrum related to the minimum energy of the
electron energy distribution and the self-absorption are more clearly detectable than
in other bands (Granot & van der Horst, 2014). In addition, the e ects of both the
forward and reverse shock are visible for a much longer time. The ability to observe
the reverse shock can prove valuable for learning more about the properties of the jet
itself, since the reverse shock is propagating through it (van der Horst et al., 2014;
Laskar et al., 2013; Perley et al., 2014).

From multi-wavelength observations, in which the radio band plays a crucial
role, we can determine physical parameters of the explosion (e.g., the energy), the
environment (e.g., the ambient medium density), and the electrons and magnetic
elds necessary to produce the synchrotron emission (Granot & van der Horst, 2014).
These parameters can be constrained for both long and short GRBs. Long GRBs are
those which haveTyy > 2 seconds, wher@ g is the time during which 90% of the
gamma-ray counts are detected above background (Kouveliotou et al., 1993), and
short GRBs haveTyy < 2 seconds. Long GRBs are associated with the collapse of
a massive star (Galama et al., 1998; Hjorth et al., 2003; Woosley, 1993) and short
GRBs with the merger of two compact objects (Eichler et al., 1989; Narayan et al.,
1992; Abbott et al., 2017). While radio detections of afterglows from long GRBs have
been occurring with regularity for some time now, radio detections of afterglows from
short GRBs are still quite rare (Fong et al., 2015). It is still not completely clear why

it is so challenging to detect these afterglows in radio, i.e., which physical parameters



drive the radio dimness and overall dimness of short GRBs. More radio detections

will be important for pinning down the causes for this.

Structure of the Thesis

In this thesis | will present follow-up searches of short GRBs, commensal transient
searches in observations at various timescales, and detailed simulations to accurately
determine transient rates from such commensal searches.

In Chapter 2 we will present accurate transient rate calculations by using Monte-
Carlo simulations. In particular, we show how starting with either a real or simulated
observational setup, the simulations code calculates a transient rate as a function of
transient duration and peak ux. These simulations allow for replicating a wide variety
of realistic scenarios including observations with varying sensitivities and durations,
multiple overlapping telescope pointings, and a wide variety of light curve shapes; and
this simulations toolkit is easily adaptable for a variety of di erent science cases.

In Chapter 3 we report on a commensal search in deep observations of short
gamma-ray burst elds carried out with the MeerKAT radio telescope. These four-
hour observations of eight di erent elds span survey lengths of weeks to months. We
also carry out transient searches in time slices of the full observations, at timescales of
15 minutes and 8 seconds. We present a large number of variable sources and discuss
their nature, both intrinsic to the sources as well as external, such as interstellar
scintillation e ects. We also place constraints on transient rates based on the transient
simulations code presented in Chapter 2.

In Chapter 4 we report on another commensal transient search, using methodology
established in Chapter 3, on long observations of supernova and short GRB elds.
We search for transients in images with 30 minute integration times, nding several
variable sources. We again explore the variability and its nature, both intrinsic and

external. Also in this case, we will establish accurate upper limits on the transient
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rate using transient simulations.

In Chapter 5, we use deep MeerKAT observations of seven short GRB elds to
search for radio afterglow emission. We use these observations to place constraints
on astrophysical parameters, in particular the e ciency of particle acceleration and
emission processes, and the density of the circumburst medium. We also discuss the
impact that future observatories such as the SKA will have on determining these
physical parameters. Furthermore, we report the detection of possible host galaxies
associated with some of these short GRBs and estimate the star formation rate,
assuming the observed radio emission is indeed from star formation.

Finally, in Chapter 6, we summarize our overall results from this thesis work and

provide some thoughts on future work that can be done in this area of research.
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2 Simulating Transients for Radio Surveys

We are entering an exciting era in time-domain astronomy. New and upgraded facilities
such as the Vera C. Rubin Observatory (lveztc et al., 2019) and Zwicky Transient
Facility (Bellm et al., 2019) in the optical, and the MeerKAT (Jonas & MeerKAT
Team, 2016) and Australian Square Kilometer Array Path nder (ASKAP) (Murphy

et al., 2021) radio telescopes, have been nding, or are expected to nd, transients
and variables in images at rates that are orders of magnitude higher than ever before.
This is in addition to exciting new transients found in time series data, such as the
wealth of Fast Radio Bursts (FRBs) found using the Canadian Hydrogen Intensity
Mapping Experiment (CHIME) (CHIME/FRB Collaboration et al., 2019).

Many transients are discovered in blind searches, found by examining large portions
of the sky for new sources or known sources that display signi cant ux changes. There
are also transients found in a targeted way, such as those associated with gravitational
wave events (Abbott et al., 2017; Troja et al., 2017; Mooley et al., 2018), gamma ray
bursts (Frail et al., 1997; Anderson et al., 2018), tidal disruption events (Levan et al.,
2011; van Velzen et al., 2016), and outbursts from X-ray binaries (Fender et al., 2004,
Tetarenko et al., 2017). Considering that transients can be found in both blind and
targeted searches brings up important questions: if we are doing a targeted transient
search, what is the chance that a detection may be a di erent transient source that
happens to be in the same area of the sky, even within the same uncertainty region of
the transient of interest? How many transients of a certain type or with a specic
light curve shape would we expect to nd in a given survey? Finding the answers to
these questions is important for a variety of applications in time-domain astronomy
and requires calculating transient rates with high accuracy.

The most straightforward approach to calculating a transient rate is to use the
Poisson distribution to nd a rate given the number of detections in a survey, but there

are shortcomings in this simpli ed approach (Carbone et al., 2016). This transient
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rate does not account for a number of important factors such as the relative timescales
of the transients and the observations, and some of the confounding observational
e ects such as gaps within an observation or a survey. In addition, it does not account
for the distribution of sensitivities present in the observations of a real survey. These

e ects can be partly mitigated in an analytical approach (Carbone et al., 2016), but

Monte-Carlo simulations provide a way to more easily account for the issues presented
by real observations and surveys in transient rate calculations (Carbone et al., 2017).

Carbone et al. (2017) examined two light curve shapes: the tophat light curve,
a light curve that instantaneously rises to its peak ux and at some point in time
instantaneously decays; and the fast rise exponential decay (FRED) light curve, a light
curve that instantaneously rises to its peak ux and exponentially decays thereatfter.
The di erences between the resulting transient rates from these two light curve shapes
indicate how the wide variety of real light curves can a ect transient rate calculations.
This is in addition to the previously mentioned observational e ects that should be
accounted for.

Observational radio surveys present a number of challenges for computing transient
rates. Although radio observations can be calibrated using a sky model, many radio
observations require the use of calibrator elds that need to be observed at certain time
intervals before, after, and during an observation of a science target eld. This means
that the telescope does not continuously point at a target for an entire observation.
Often when using a calibrator source, a radio observation would be broken down into
observing a very bright, well-known source to calibrate the bandpass, followed by
alternately observing a bright source close to the target for gain calibration and the
science target. This means that the time on target is less than the total observing
time, and that there are gaps in the target observations. This also means that there
is the possibility of searching calibrator elds for transients (Bower & Saul, 2011).

Furthermore, typical radio observations can be broken down into shorter timescales for
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imaging. In addition, in order to explore a wider eld of view, a survey may consist of
multiple adjacent pointings on the sky with some degree of overlap between pointings.
These pointings may have di erent limits on transient rates due to di ering observing
cadences, and the overlap regions will provide di erent transient rates as well.

The goal of this work is to calculate transient rates while accounting for the afore-
mentioned features and complexities of radio surveys. Corrections for observational
e ects such as gaps in observations, systematic errors in ux measurements, di erent
kinds of transient light curves, multiple overlapping pointings, and a distribution of
observational sensitivities are accounted for. Mitigating all the aforementioned e ects
makes the transient rate calculations more accurate. In addition, the publicly available
simulations code is relatively simple in its use, has Python 3 support, and is designed
for modularity so that the user can easily add new items such as other light curve
shapes than those already provided.

In the Design section, we will go into detail on how the code is written and its
features implemented. We will in the Results and Discussion section present and
discuss results from several example radio surveys illustrating the various features.
In the Performance section, we will look at the computational performance of the
simulations code. In the Future Applications section we will discuss the ways in which

this code can be expanded in the future, and we draw conclusions in the nal section.

Design
Language and Libraries

The code was written in Pythor? and designed for its most up-to-date versions
(> 3:6). It uses several libraries: Astropy (Astropy Collaboration et al., 2013) to
provide accurate angular source separation calculations and any necessary coordinate

system changes; Scipy (Virtanen et al., 2020) for a few special mathematical functions;

3http://www.python.org
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Bitarray # for storing large amounts of information e ciently; tqdm?® for easy-to-use
progress bars; and Numgy for the vast majority of the numerical computations.
In addition, the script to assist with creating input les uses Common Astronomy
Software Applications (CASA) (McMullin et al., 2007) to read and extract metadata
from radio measurement sets.

By using an interpreted language that allows for the use of classes, the code is easy
to modify or extend for di erent use cases, or to increase accuracy. Adding new light
curves can be done by creating a Python le with the name of the light curve and a
class with the essential information. Using Numpy partially makes up for Python's
lack of speed compared to a compiled language such as C. The information on whether
a simulated source is detected is stored and written using bit arrays, in order to reduce
memory usage so that these computations can be performed on a regular desktop or

laptop.

Input

In order to accurately simulate transient rates, it is necessary to provide detailed
information on the survey that will be simulated. This information includes observation
times, pointings, eld of view, sensitivity, and any gaps in the observations. This
information is either supplied by the user as a comma-separated values (CSV) le or it
can be generated using a separate script that extracts information from the metadata
in the measurement sets of the survey observations.

In addition, the simulations code base contains a con guration le with settings
that can be adjusted depending on the use case. These settings include items such as
number of transients to simulate, number of transient detections in the survey, ux

and duration ranges to simulate, detection threshold, light curve type, con dence level,

4https://github.com/ilanschnell/bitarray
Shttps://tgdm.github.io
Shttps://numpy.org/
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output lename, and options for simulating a survey such as number of observations,
sensitivity, mean and standard deviation of simulated normally-distributed error in

sensitivity, interval between observations, and the duration of the observations. The
light curve type can be any of the included ones or a new light curve created by the

user.

Light Curves

In Figure 3 we show the light curves included in the simulations, which are the tophat,
fast rise exponential decay (FRED), exponential rise fast decay (Wilma), exponential
rise exponential decay (ERED), Gaussian, and parabola. The tophat light curve is
de ned to have an instantaneous rise to the peak ux, followed at some point in time
by an instantaneous decay. This light curve represents the classic case of a transient
that turns on and o, and the simplest form of transient light curves. The FRED
light curve instantaneously rises to the peak ux and exponentially decays. This light
curve is commonly observed in a variety of X-ray and gamma-ray transients. The
Wilma is simply the time reversed FRED: it exponentially rises to the peak ux and
then instantaneously decays. Including the ERED light curve is a convenient way to
introduce the simplest form of light curve with no de nite start or end. The ERED is
such a light curve that is formed by putting the previous two together: it exponentially
rises to a peak ux and then exponentially decays. The Gaussian is a light curve that
has the shape of a Gaussian function with the mean being located at the peak ux
and the duration given by the standard deviation. Similar light curves can be seen
arising from, for example, binary systems and magnetar bursts. The parabolic light
curve is a concave down parabola that reaches the peak ux at the vertex and the
duration being the range of time in which the ux is positive; its inclusion provides an
example of a light curve with a de nite duration but with a pro le that rises and falls

below the peak ux in a symmetric way (i.e., one step more complex than the tophat).
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Figure 3 Examples of all light curve shapes included in the simulations in this paper,
plotted using arbitrary units of time and ux.
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More details about these light curves, including their mathematical de nitions, can
be found in the appendix to this chapter.

For a given radio survey, the simulated light curve has implications on the part of
parameter space that the survey probes. One of the clearest ways to examine these
implications is by looking at probability contour plots. Figures 4-7 show the probability
contours for example light curves included in the simulations code. The horizontal axis
shows the characteristic duration of the transient, which is de ned slightly di erently
for each light curve shape: the tophat and parabolic light curves' characteristic duration
is the duration that the transient's ux is non-zero; the characteristic duration for
the Gaussian is the standard deviation; and the duration of the FRED, Wilma, and
ERED light curves is the e-folding time. The vertical axis shows the characteristic ux,
which is the peak ux for all light curves that are currently implemented (but could
vary for more exotic light curve shapes). The color legend shows the probability of
detecting a source as a transient at a given duration and ux. Note that a source that
is detected in every observation would not be a transient. A probability of 1 means
that the survey detects every transient source at the particular ux and duration.
Note how the region where the transient is always detected changes for the di erent
light curve shapes. The reason for some of these di erences is discussed in detail in

the Light Curves section.

Main Detection Algorithm

In the transient simulations, a large number of sources need to be generated based on
the user's settings. Parameters such as the source ux, duration, and the start, end or
critical time (depending on the light curve type) are generated in a uniformly random
fashion in log10 space via the random number generator in Numpy.

The main detection algorithm tests whether or not the simulated sources will be

detected in the observations. For this step, the code iterates over each observation,
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Figure 4 Probability contours for the tophat light curve. The leftmost vertical
line marks the shortest observation in the survey, the middle line corresponds to
length of the longest gap between observations, and the rightmost line corresponds to
approximately the length of the survey itself. The horizontal line is a line marking the
ux value that is greater than 99% of the ux values of the false transient sources.
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Figure 5 Probability contours for the parabolic light curve. The meaning of the
horizontal and vertical lines is the same as in Figure 4.
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Figure 6 Probability contours for the Gaussian light curve. The leftmost vertical
line marks the shortest observation in the survey, the curve in the middle marks a
boundary in the duration of sources to the left of which these sources can fall in the
longest gap between observations and go undetected in any observations, and the
rightmost curve is a boundary to the right of which sources can be detected as a
constant source by being detected in every observation. The meaning of the horizontal
line is the same as in Figure 4.
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Figure 7 Probability contours for the FRED light curve. The meaning of the horizontal
and vertical lines is the same as in Figure 6.
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calculating the integrated ux for all the simulated sources, and testing if these
integrated uxes are greater than the sensitivity of the observation multiplied by
a user-speci ed detection threshold. After this detection step, the sources that are
detected in every observation are removed from the detection list, since they are
constant sources and not transients.

The number of detected transient sources together with the number of simulated
sources are used to generate probabilities of detection for each ux and duration bin.
Assuming that transients are distributed as a Poisson distribution, the probabilities
are used to calculate limits on transient surface densities and rates. In the case of no
transient detections in a survey, the Poisson probability mass function can be inverted
to give an upper limit. In case of transient detections in the survey, the code uses
the 2 distribution (for a review see Johnson et al., 2005) to calculate the upper and
lower limits on the transients rates, by inputting the user-provided con dence level

and the number of transient detections in the survey.

Gaps

An important ingredient in calculating transient rates accurately is taking into account
gaps of varying sizes during observations and surveys. These gaps may exist for a
variety of reasons. In the case of radio observations, a long observation on a particular
source has to be broken up into scans that are brie y interrupted by observations of a
calibrator source. For measuring the ux of a particular source of interest, these gaps
are usually unimportant, but for the purposes of calculating transient rates, especially
transient rates in a regime where the transients may be shorter than the size of the
gaps, it is important to account for these gaps.

Gaps are accounted for in the simulations code base by specifying a gaps le. This
le contains all the sub-observations, also known as scans, that make up the full length

observation. By running the simulations over the scans, and averaging together the
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measured ux in each scan, we are able to account for realistic gaps in observations.
By correcting for these gaps, we are able to account for multiple di erent timescales
and di erent sensitivities present in the same survey in an accurate way that would
not be possible, or at least very challenging, to do in an analytic fashion (Carbone

et al., 2016).

False Detections

False transient detections is an issue that a ects real transient searches and should
therefore be included in transient simulations. When an astronomical source is close to
the detection threshold, any small amount of measurement error, either statistical or
systematic, can change it from a detection to a non-detection or vise-versa. Since this
can be true for every observation in the survey, there can exist a fairly wide distribution
of false transient detections, governed by the sensitivities of the observations. These
sources will be agged as transients, which is an issue because they are not real
transients but merely faint sources of constant ux. Therefore, it is necessary to nd

a way to eliminate these sources from consideration as transients.

In order to solve this problem, a second run through the detection algorithm is
performed using sources with tophat light curves along with duration and start times
that ensure that they ought to be constant sources. After the false detections of these
constant sources are calculated, the number of sources detected are counted from
the minimum ux simulated until 99% of the falsely detected sources are accounted
for. At the ux level where 99% is reached, we de ne this to be the false detection
limit. This is shown in all of the probability contour plots, such as in gures 4-7, and

transient rate plots as a horizontal line.
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Figure 8 An example of three overlapping pointings with red circles representing three
di erent telescope pointings that overlap

Multiple Pointings

Real surveys can involve multiple pointings that overlap, resulting in an uneven
probing of the sky. This creates opportunities and challenges for determining transient
rates in these regions of the sky, due to the di erences in timescales and observed
area. In order to account for this, the simulations accurately calculate the area of each
region on the sky, and then determine the transient rates for each region on the sky.
This is currently implemented for a maximum of three overlapping pointings with
possibly varying observing timescales and cadences, but an expansion of this is easily
doable.

Figure 8 shows a simulated example of three overlapping pointings. Each red circle

represents a pointing of the telescope. It can be seen that there are also three double
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Figure 9 Lower limits (left) and upper limits (middle) on transient rate for a realistic
survey setup. The red line indicates the false detection limit. The plot on the right
shows the limits on the transient rate at 0.424 Jy, which is marked on the two plots
to the left with a dashed line at the very top of the plots.

overlap regions and one triple overlap region. For each of these regions, the transient

rates will be di erent due to the di erences in observing cadence and time.

Results and Discussion
A Realistic Survey

For the purpose of demonstrating the capabilities of the transient simulations code, a
survey setup similar to that in Driessen et al. (2019) is used: 46 weekly observations
of 13 minutes in duration, with the rms noise of the observations being varied as a
Gaussian with mean 35 Jy and standard deviation 5 Jy and a detection threshold of
5 . Given that transients were detected in Driessen et al. (2019) , we also demonstrate
the ability of the simulations code to calculate transient rates based on detections.
Assuming Poisson statistics, one can calculate the upper and lower limits on the
transient rate, as explained in the previous section. In the con guration for this
simulations run, two transient detections are used as input to calculate the rates along
with a 95% con dence interval. The light curve type used for this example is the
Gaussian.

Figure 9 shows the results of these simulations. The left-side plot shows the lower

limits on the transient rate, the middle plot shows the upper limits on the transient
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rate, and the plot on the right shows the example of transient rate limits at 0.424 Jy

as a function of transient duration. The horizontal red lines indicate the 99% false
detection rate. These plots show the transient rate limits: we can see that at 0.424 Jy
and around a transient duration of 10 days, the transient rate is between 710 4

and 5 10 ° transients per day per square degree.

Light Curves

Figures 4-7 show the probability contours for the tophat, parabolic, Gaussian, and
FRED light curves. These probabilities are the ratios of the detections to total
simulated sources for each duration and ux bin. Each plot has a region of parameter
space where all of the transients are detected. As shown by Carbone et al. (2017),
in the tophat case this is bounded on the left by the duration of the longest gap
between consecutive observations. The boundary on the right corresponds to the
longest possible duration transient that will still be considered a transient and not a
constant source. In other words, this duration is slightly less than the length of the
entire survey, since a transient of this length would be detected in every observation
except for one. For the FRED, Gaussian, Wilma, and ERED light curves, we observe
that the boundaries around this same region are curves. In the appendix, we go into
detail on nding the equations for these curves.

Examining the probability contours for the parabolic light curve in Figure 5 shows
a plot that looks closer to the tophat than the other light curves due to the vertical
boundaries on the region where the probability is equal to 1. While this may seem
counter-intuitive, a similarity between the parabolic and tophat light curve is that they
both have a xed start and stop time at which the ux drops to zero. All the other
example light curves approach but never reach zero. For this reason, we use a value
to characterize the duration such as the e-folding time for the FRED, or the standard

deviation in the case of the Gaussian light curve. Using these values to characterize the
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duration is what causes the di erence in these probability contours. As an example,
for the FRED light curve, if the transient has a low ux compared to the sensitivity of
the observations, then the duration of the transient that would be detected might be
something closer to its e-folding time. In contrast, a very bright transient would be
detected well past its e-folding time. This is the reason why these light curves seem to
curve away to the left as ux increases in these probability contour plots: the actual
duration that is detected in the survey becomes longer. If we were able to de ne the
duration of the transient by the duration that is actually detectable in the survey,
then we could make all of the probability contour plots have the kinds of vertical
boundaries that we see in the tophat and parabolic light curves. However, de ning
the durations this way, would make the simulations much more computationally and

mathematically complex to the extent that it makes this prohibitive.

False Detections

Figure 10 shows an example of a survey with a large number of false detections of
transients. This can happen when including images that are grouped around very
di erent sensitivity scales. In the example shown here, the survey included observations
on three very di erent time scales and sensitivities: 4 hour observations with an rms
noise of around 9 Jy; 15 minute observations with an rms noise of around 3QJy;
and 8 second observations with a noise around 350y. Including all of these images

in one run of the simulations creates many false detections. In this example, it is
better to run simulations of these three di erent time and sensitivity scales separately.
In gures 11-13, the probability contours for the three di erent timescales are shown
separately. From these plots, we can clearly see that the false detection limit is much

lower on two of the three timescales and a little higher on the shortest timescale.
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Gaps

In order to demonstrate the capability of including observations with gaps, an ob-
servation le was created with weekly 4 hour observations (instead of 13 minutes),
containing gaps within the weekly observation, and a total survey duration of 46 weeks
(as in the previous example). The gaps were typical for a target-gain calibration loop
in radio observations: 5 minutes on a calibrator eld followed by 15 minutes on a
science target eld. The noise in the 15-minute scans was simulated like before, with
a mean of 35 Jy and a standard deviation of 5 Jy in the target observations. For
the full four hour observations, the noise was scaled asplm and simulated as
a Gaussian with a mean of 8 Jy and a standard deviation of 1 Jy. Due to the
nature of having a bright calibrator source in a eld, the noise for the calibrator
observations was higher than would be suggested by scaling bypm. The noise of
the 5 minute scans of the calibrator observation was simulated to be 100y with a
standard deviation of 15 Jy. The noise of the combined image of the calibrator scans
was simulated to be 25 Jy with a standard deviation of 4 Jy. For this example we
assume that there are no detected transients in this simulated survey.

Using these simulations, we can show how accounting for gaps results in more
accurate transient rate calculations. This is particularly important on timescales close
to the length of the gap itself. In order to test the gaps algorithm, three observational
scenarios were used: the calibrator eld with 15 minute gaps, the target eld with 5
minute gaps, and a full four hour observation with no gaps. These scenarios provide
a comparison between di erent extremes of gaps in observations. These simulations
were done with both tophat and FRED light curves. Figures 14-19 show the results
of these scenarios. Figures 14 and 15 show upper limits on transient rates in the
color legend, with transient duration on the horizontal axis and characteristic ux on
the vertical axis. Figure 14 is for a tophat light curve and Figure 15 is for a FRED

light curve. The three plots in each gure show the di erence in transient rates when
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Figure 10 Probability contours for a tophat light curve in a survey with very di erent
observation sensitivities (see main text for details).
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Figure 11 Probability contours for a tophat light curve in a survey with only 4 hour
observations at an rms noise of around 9Jy.
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Figure 12 Probability contours for a tophat light curve in a survey with only 15 minute
observations at an rms noise of around 3QJy.
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Figure 13 Probability contours for a tophat light curve in a survey with only 8 second
observations at an rms noise of around 35QJy.
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not accounting for gaps in a weekly survey with 4 hour observations (top), when
accounting for 5 minute gaps in a 4 hour science target observation (middle), and
when accounting for 15 minute gaps in calibrator observations (bottom).

In gures 14 and 15 we can see a diagonal trend at the shortest durations below
which there are no colored contours. This boundary marks the transients that are
shortest in duration and lowest in ux to possibly be detected. It is a diagonal because
it is the uence that determines if a transient is detected (Carbone et al., 2017); and
in the FRED case, for short durations the integrated ux becomes identical to the
tophat case. The blank space in the bottom left of the plots represents the region
of transient parameter space that cannot be probed by the simulated survey. The
red vertical lines on these plots mark 5 minutes, the length of the gaps in the target
observations.

Di erences in the transient rate are small and di cult to distinguish between the
target gap and no gap plots in gures 14 and 15. The calibrator gap shows a bit of a
departure from the others: examining closely reveals a slightly di erent trend to the
left of the red line for both light curves. This departure from the case of having no
gaps or the case of a smaller gap only shows in the part of parameter space that has
the smallest duration transients. When transients are longer in duration, they are not
likely to fall in the gaps and are more likely to be detected in an observation.

Figures 16 through 19 show the di erences between the di erent gaps in a di erent
way. Figures 16 and 17 show the transient rates from Figures 14 and 15 on the vertical
axis at a constant ux of 0.464 Jy. Figures 18 and 19 show the percent di erence
in transient rate between the gaps and no gaps cases. The top panel of Figures 18
and 19 shows the di erence between the target gap and no gap cases, and the bottom
plot shows the di erence between the calibrator gap and no gap cases. As we can
see there is an appreciable di erence when accounting for 5 minute gaps in a target

observation, and a signi cant di erence of nearly 300% when accounting for 15 minute
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gaps in the calibrator observation.

Multiple Pointings

Calculating transient rates for multiple overlapping pointings gives a more complete
picture of how a survey can probe transient parameter space. An example of such a
survey is used here and illustrated in Figure 8: three circular elds of view each with
a radius of 1.4 degrees. The details are summarized in Tables 1 and 2 below. This
setup has seven di erent regions: three that are probed only by one of the pointings,
three that are probed by two pointings, and one that is probed by all three pointings.
The three di erent elds may be observed at various cadences that a ect the transient
rates in the di erent areas. If one calculates the probability contours for a tophat
transient, as is shown in Figure 20, one can compare the single pointing (left) with a
double overlapping pointing (middle) and a triple overlapping pointing (right). Note
how regions with more overlap have a larger region in the transient duration space
where the probability of detecting the transient is equal to 1.

For a comparison of di erent survey cadences, one example survey shown in Table 1
alternates between each of the three pointings each week, and another one shown
in Table 2 is set up to observe each pointing exclusively before moving to the next
one. Figure 21 shows that the probability contours for the triple overlapping region,
labelled 0&1&2, are the same for both scenarios, as expected. We do, however, see
slight di erences in the regions with no overlapping pointings in the part of parameter
space where transients are best detected. This di erence is due to the variations in the
maximum gap and survey length in the two survey setups. One particular region with
two overlapping pointings, labelled 0&1, shows the most striking di erences between
the survey setups. Survey setup 2 produces two of the double overlap regions with
good limits on transient rate and one double overlap region with poor limits on the

transient rate. In this case, the region that is observed in both the rst observed eld
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Figure 14 Upper limits on transient rate for transients with a tophat light curve

in a survey with 4 hour observations with no gaps (top), 5-minute gaps in between
15-minute observations (middle), and 15-minute gaps in between 5-minute observations
(bottom); see main text for sensitivities of observations. The dashed black line marks
where two di erent simulations were combined into a single plot. The vertical red line
indicates 5 minutes, and the horizontal red line indicates the false detection limit.
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Figure 15 Upper limits on transient rate for transients with a FRED light curve

in a survey with 4 hour observations with no gaps (top), 5-minute gaps in between
15-minute observations (middle), and 15-minute gaps in between 5-minute observations
(bottom); see main text for sensitivities of observations. The dashed black line marks
where two di erent simulations were combined into a single plot. The vertical red line
indicates 5 minutes, and the horizontal red line indicates the false detection limit.
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Figure 16 Upper limits on transient rates for transients with a tophat light curve

in a survey with 4 hour observations with no gaps (top), 5-minute gaps in between
15-minute observations (middle), and 15-minute gaps in between 5-minute observations

(bottom), for transients with a peak ux of 0.464 Jy.

Figure 17 Upper limits on transient rates for transients with a FRED light curve
in a survey with 4 hour observations with no gaps (top), 5-minute gaps in between
15-minute observations (middle), and 15-minute gaps in between 5-minute observations

(bottom), for transients with a peak ux of 0.464 Jy.
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Figure 18 Percent di erence in upper limits on transient rates for transients with a
tophat light curve for transients with a peak ux of 0.464 Jy, from no gaps in a survey
with 4 hour observations to 5-minute gaps (top) and 15-minute gaps (bottom).

Figure 19 Percent di erence in upper limits on transient rates for transients with a
FRED light curve for transients with a peak ux of 0.464 Jy, from no gaps in a survey
with 4 hour observations to 5-minute gaps (top) and 15-minute gaps (bottom).

39



Figure 20 A probability contour plot for a tophat light curve in a region with no
overlap (left), double overlap (center), and triple overlap (right), as seen in Figure 8.

Figure 21 Probability contours for all of the regions in survey setup 1 (top) and survey

setup 2 (bottom). Each pointing is labeled 0, 1 or 2 and the overlap between two
pointings are indicated with an &', for example 0&1.

and the last observed eld will have an extremely large gap. Survey setup 1 produces

much more consistent detection regions which may suggest that it is the better choice

if more uniform transient rate limits are the goal.
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Performance

Figure 22 shows how the simulations scale in execution time as a function of the
number of sources simulated, for the example of 46 observations of 13 minutes with
all observations have an identical eld-of-view. Figure 23 shows scaling in execution
time as a function of the number of observations when the number of sources is held
constant at 43 1C°. All of the simulations for this example were performed on a
2020 Apple Macbook Pro 13 inch model with the M1 chip. In addition to showing the
total execution time, key portions of the code are shown as well. The conditionals
and ux ltering steps take place when the algorithm is determining if the sources are
detected in observations. These steps are so-named because they Iter sources based
on the calculated integrated ux, and do a large number of boolean and bit operations
to calculate and store each transient's state as either detected or not-detected. The
stats step is the step that aggregates the detections into probabilities. Finally, the
plotting step is where all of the detection statistics, observation information, and false
detection information is plotted. Since the data is broken down into a grid in order
to plot, the plotting step has no scaling with the number of sources, so it takes a
constant amount of time.

Not shown here are the impacts of a few features and algorithms. The false
detection algorithm re-runs the conditionals, ux ltering, and stats steps. In the case
of a tophat light curve, this means the false detection algorithm would slightly less
than double the amount of time (the plotting step is not doubled). In the case of other
light curves, it could have a di erent impact, usually lower, since the false detection
algorithm always uses tophat light curves to simulate constant sources. Another factor
not shown here is the impact of having multiple pointings. For example, in a survey
setup with two overlapping pointings there will be three regions. Therefore, the run
time will be about three times longer than for a single region, assuming equal numbers

of observations in each region.
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Figure 22 Execution time as a function of the number of simulated sources.
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Figure 23 Execution time as a function of the number of observations.
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Future Applications

Carbone et al. (2017) shows the existence of a region of 100% detection probability
for the FRED and tophat light curves. The work presented here shows that this
region of 100% detection can be found in a wide variety of light curves. Optimizing
the survey parameters to maximize this region of 100% detection has many potential
applications for future surveys. In addition, transient searches can use the false
detection calculations to decide the best manner to plan a transient search in a given
survey. The wide variety of data outputs can assist with a number of scienti ¢ goals
that one might have for a survey, and the exibility of the code can be easily adapted
to those purposes.

One application of the code is using the transient simulations to optimize resource
allocation. Such optimizations can be done both in terms of survey design and also
the data reduction after the observation itself. Simulating a variety of survey setups,
such as in section 2, is one way to ensure that the survey will accomplish its goals
most e ectively. In addition, simulations can also be done for varying aspects related
to the data reduction, such as the timescale that images are made on. By simulating
a combining or splitting up of the observations in a survey into multiple di erent
timescales, one can nd an optimal way to search for transients on these multiple time
scales with a minimum of re-imaging. These optimizations are becoming increasingly
more important with radio facilities such as MeerKAT (Jonas & MeerKAT Team,
2016) and the LOw-Frequency Array (LOFAR) (van Haarlem et al., 2013) which can
easily use terabytes of disk space and considerable other computer resources as well.
The Square Kilometer Array (Dewdney et al., 2009) and next-generation Very Large
Array (Murphy et al., 2018), and other upcoming facilities, will surely require even
more resources.

The previously mentioned tools for planning surveys have potential to be expanded

to be even more helpful in the future. A potential future update to these simulations
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could include a tool to help calculate optimal pointings for uniformly probing a large
area of the sky in both space and time.

The simulations code presented in this paper accounts for a large number of
realistic e ects that complicate transient searches and calculate transient rates from
surveys. For research into particular kinds of sources, future upgrades can be made for
particular light curves and population numbers that re ect certain sources of interest.

Finally, even though this simulations code has been designed for surveys in the
radio regime, and the examples in this paper are based on this particular use case, it

can easily be adapted and applied to other spectral regimes.

Conclusions

Simulating transients, following the methodology and code case presented here, allows
for calculating transient rates that are highly accurate due to the implementation of a
variety of observational e ects. The simulations presented here account for a variety
of observing sensitivities, pointings, survey cadences, and gaps within observations
and surveys. Furthermore, it has been made easy to obtain, since it will be freely
available for download through Github, and easy to use through the use of a modular
design, the inclusion of scripts to extract metadata from observations, and updates

for modern versions of Python.
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Appendix: Included Light Curves

Here we present and brie y discuss the light curve shapes that are currently included

in the simulations code base.

Tophat

The tophat is the simplest transient light curve in concept:

F = Fpk for tstart t tend (1)

It is simply at the peak ux for the entire duration of the transient. The probability
contour plot shown in Figure 4 has a region in parameter space in which all transients
are always detected, which can be referred to as a region of guaranteed detection.
This region has vertical boundaries that can be found to have a quite straightforward
interpretation (Carbone et al., 2017). The left-most boundary is the longest gap in the
observations or, in other words, the longest duration of a tophat transient that could
go undetected. The right-most vertical bounding line corresponds to the longest time
scale that a transient could have while not being detected as a constant source. This

guantity is the duration of the entire survey minus either the rst or last observation.

Fast Rise Exponential Decay

The fast rise exponential decay (FRED) light curve is de ned as instantaneously rising
to the peak ux and exponentially decaying with an characteristic duration , de ned

as its e-folding time:

t t

This light curve produces a slightly di erent probability contour, seen in Figure 7,

in which the bounding lines for the region of guaranteed detection can be interpreted
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as follows. The left boundary corresponds to the boundary due to the longest gap, like
the tophat. However, unlike the tophat, the ux of the FRED light curve approaches
but never actually reaches zero as time progresses. Therefore, brighter transients
can be detected for longer than the characteristic duration of the transient, making
this boundary a curve instead of a vertical line. The boundary condition can be
expressed a&inn = Syap, 1.€. the integrated ux of the transient needs to be equal to
the sensitivity of the observation the transient would be detected in, which would be
the observation after the gap. We can nd the integrated ux:

h [
maX(Tstart tstart )

exp exp Ted

Fint = Fpk 3)

Tend Tstart

Since we consider the case where the transient starts in the gap, the start of the
observation that detects the transient is equal to the length of time from the start of
the transient until the end of the gap, which we labellyap: Tstat = Tgap. Therefore,
Tend = Tstart +  Tgap, Where Tgygp is the duration of the observation. Inserting the

integrated ux into the previous equation and solving forF yields:

Foc ) = o Top i (4)
Tgap (Tgap +  Tgap)
exp ‘2 exp et Tew)

The right boundary is the boundary for the longest timescale. We can follow the
same procedure as the left boundary, nding thaS,,s = Siast, the sensitivity of the

last observation in the survey. We also nd the following modi cations:

Tstart = survey Tiast (5)
Tend = survey (6)
T
Fpk( ) — h SIast Igst (7)

exp ( survey Tlast )I exp survey
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Figure 24 Probability contours for the Wilma light curve

Exponential Rise Fast Decay (Wilma)

In light of the FRED light curve, a natural extension would be to examine the reverse

FRED light curve. The light curve ends at the peak ux and has no de nite start:

(t tend)

F = Fpk exp for t tend (8)

The probability contour plot for this light curve is shown in Figure 24. As one can
see, it is identical to the FRED light curve in Figure 7. This makes sense when one
realizes that if the entire survey were time-reversed, the light curve would be a FRED.
For this reason, the lines bounding the region of guaranteed detection are the same as

for the FRED light curve.
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Figure 25 Probability contours for the ERED light curve
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Exponential Rise Exponential Decay

The Exponential Rise Exponential Decay (ERED) light curve (Figure 25) does not
have a de nite beginning nor end, only a characteristic time at which the ux is the

peak ux and , which is its e-folding time:

t t
t t

The transients from this light curve also behave similarly to the previous two cases,
since this light curve is a Wilma light curve immediately followed by a FRED light
curve. Therefore, if we use the integrated ux to nd the curve marking the boundary

corresponding to the shortest duration transient that will always be detected, we nd:

Fok( ) = h Slgap Tgaﬁ i (12)
P Tgap 2 Tgap+Tgap
5 exp 2 exp Stewflew

Similarly, for the ux limit on the longest timescale, we have:

Fpk( ) — Sfirst:las'[ I,:Irfirstzlast i (13)

2 Tf irst=last + survey

5 eXp survey eXp

In this equation, Siszlast @and  Trirstzlast  Would correspond to either the rst or last

observation in the survey depending on which is more sensitive.
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Parabola

Also included is a parabolic light curve de ned as follows:

t A tcrit (14)

4 2
2 2

F=Fx 1
terit IS the peak of the light curve, which occurs at half of the duration of the light curve.
Since the parabolic light curve starts and ends at zero ux, rather than approaching
zero like the exponential or Gaussian light curves, this light curve has a de nite
duration like the tophat. The light curves with a de nite duration all have boundaries
in the probability contour plots that are derived in the same way as those for the
tophat light curves. The boundaries in the case of the the exponential or Gaussian light
curves come about from there being a di erence between the characteristic duration

and the duration that the transient is actually detected in the observations.

Gaussian

The nal light curve included is a Gaussian-shaped one:
n 2#
t te
F = Fox €xp (o) Crz”) (15)

2 3
In order to nd the boundaries for the region of parameter space where the transients
are always detected, we follow the same process as we did for the FRED light curve,
and nd an equation for the integrated ux (with erf being the Gauss error function):

n p _ #
2(Tend tcrit )

" # (16)

|0
2(T Teri
erf ( start cnt) ):(Tend Tstart)
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We can de ne the boundary on the transient ux needed to be detected d5,; = Syap.
Using the equation for integrated ux, we nd the boundary for the shortest possible

duration transient that will always be detected:

E. = Sobsn Tobs h i 1h i
pk P—= o ' '- t
5 erf pm erf (2 Ty Tow)

(17)

We also nd the boundary on the right, for the longest possible duration transient

before it is considered a constant source:

Sobs Tobs 1
I:pk = P— h t h

g erf

i
T LI P7 T
( Tsurvgy *+2 Tobs) 2 Tsurvey (18)
p= _—
2
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3 Commensal Transient Searches in 8 Short Gamma-Ray Burst Fields

Transient searches at radio wavelengths are now yielding an unprecedented number
of transients of all kinds. For some time now, transient searches in other wavebands
such as the optical and X-rays have yielded a large number of results, and now this
is starting to be true for the radio regime as well. Some searches in time series
analysis have found transients like fast radio bursts (FRBs) with timescales on the
order of milliseconds (e.g., Lorimer et al., 2007; CHIME/FRB Collaboration et al.,
2021). Other searches have been performed in radio images, with the number of
transients and variables found this way increasing and yielding interesting results. For
example, a transient was found in the LOFAR Multi-frequency Snapshot Survey on

a timescale of around 10 minutes at 60 MHz (Stewart et al., 2016). The CHILES
Variable and Explosive Radio Dynamic Evolution Survey (Sarbadhicary et al., 2021)
spent hundreds of hours observing the COSMOS eld at 1.4 GHz and found a number
of variable sources at timescales from days to years. There have also been transients
found as part of a commensal search, that is, a search of data taken as part of a
di erent scienti ¢ objective. In commensal transient searches with MeerKAT at 1.3
GHz, Driessen et al. (2020) nd a transient with a timescale of weeks and a variable
pulsar on sub-week timescales; and in this same eld, Driessen et al. (2022) nd
variable sources on timescales of weeks to months. Similarly, Rowlinson et al. (2022)
found four variable sources with timescales spanning from seconds up to over a year.
Andersson et al. (2022) also found a radio transient source in a commensal search of
MeerKAT data. As part of the Deeper, Wider, Faster, Dobie et al. (2023) have found
multiple transients and variables with ASKAP. Additionally, the Variables and Slow
Transients survey (VAST) using ASKAP (Murphy et al., 2021) has found multiple
radio transients (Wang et al., 2021, 2022) and the Very Large Array Sky Survey
(VLASS) using the VLA at frequencies around 3 GHz (Lacy et al., 2020) promises to

nd a large number of transients and variables due to their large sky coverage and
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multi-epoch observing strategies.

Commensal searches for transients and variables is proving to be a valuable way
of probing the radio sky, in particular with facilities that have a large eld of view.
Not only are commensal searches an e cient use of pre-existing scienti ¢ data, they
also have the potential to nd new and interesting sources as well as increasing our
knowledge of the populations of sources on the radio sky by constraining transient
rates (e.g., Bower & Saul, 2011; Carbone et al., 2016). The number of detections
along with the survey properties, if used in conjunction with accurate transient rate
calculations, can uncover more information about sources with unknown associations.
In addition, with calculations that allow for calculating di erent transient rates for
di erent parts of the sky, such as (Chastain et al., 2022b), it is possible to reveal
di erences in transients and their behavior in di erent parts of the sky, such as galactic
versus extragalactic sources.

Enabling all of these aforementioned new transient discoveries, with their excellent
sensitivity and large eld of view, are new facilities such as MeerKAT, ASKAP, and
LOFAR (Jonas, 2009; Johnston et al., 2008; van Haarlem et al., 2013). Due to the
excellent instantaneousuv coverage of these instruments, these searches are also able
to probe increasingly shorter timescales, with the capability to image on timescales
down to seconds, or to create deep images that combine many hours' worth of data.
All of these improvements are creating a wealth of new opportunities for commensal
transient searches in radio images.

ThunderKAT (Fender et al., 2016) is a large survey project for image plane radio
transients with MeerKAT. Taking advantage of the new opportunities provided by
MeerKAT is a key part of its mission, as it includes conducting commensal transient
searches in MeerKAT imaging data (besides performing follow-up observations of
speci ¢ transients found in other wavebands). Part of the challenge of these searches

are that it requires analyzing a large amount of data, on the order of hundreds of
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gigabytes to terabytes. In order to search through these images, we use the LOFAR
transients pipeline (TraP ; Swinbank et al., 2015), which creates a catalog of sources
and their light curves, and tracks the variability of all the sources in the images.
Using TraP we conduct a commensal transient search on multiple timescales of short
gamma-ray burst observations taken as part of the ThunderKAT project. We establish
methodologies and techniques to nd new variable sources among the large quantity
of sources in this dataset. We also look into whether the variability of these sources
is intrinsic or extrinsic (e.g., interstellar scintillation), and draw conclusions to guide
future similar studies.

We will describe the observations and overall data set in the Observations section,
and the methodology for the transient search in the Methods section. The results
are presented in the Results section and discussed in the Discussion section, with a

summary and concluding remarks in the Conclusion.

Observations

We performed a commensal transient search in observations of eight short gamma-ray
burst elds originally taken as part of the ThunderKAT project for the purpose of
searching for afterglow emission from short gamma-ray bursts. Each observation was
about 4 hours in duration including overhead, such as calibrator observations, with
the number of observations per eld varying. Each 4-hour observation consisted of
15-minute scans with calibrator measurements of a few minutes interspersed. Table 3
lists all the observations that are a part of our transient survey. The observations were
calibrated using version 1.1 of the ProcessMeerKAT pipelinéfocessMeerKAT
Collier et al., 2022). Observations were taken at L-band, centerted at 1.28 GHz and
spanning frequency range from 856 MHz to 1.7 GHz. As part of this calibration process,
parts of the spectrum with a large amount of known radio frequency interference (RFI)

were agged including 933 to 960 MHz, 1163 to 1299 MHz, 1524 to 1630 MHz, and 1680
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to 1711 MHz. Calibration was performed in parallel by separating the measurement set
into 11 spectral windows. The bandpass and complex gain calibration was performed
using Common Astronomy Software Applications CASA; THE CASA TEAM

et al., 2022) tools and the calibrators listed in Table 3. Automated RFI agging
was performed using tfcrop and r ag. After two rounds of calibration and agging,
the spectral windows were recombined into a single measurement set for imaging.

All images were made using tclean. The 4-hour images were made by producing a
shallow image with the cleaning process stopping based on a threshold of 1 mJy; and
then self-calibration and agging for RFI was performed before making the nal, deep
image stopping at a threshold of around 80Jy. The 15-minute images were made
using the self-calibrated measurement set. The imaging parameters used include the
multi-term multi-scale imaging algorithm with the w-project gridder. For the 4-hour
images, 128 w-planes were used; and for the 15-minute images, 64 w-planes were used.
The latter resulted in increased correlated noise in the 15-minute images.

The shortest imaging timescale of the data is determined by the integration time
of the observations, which is 8 seconds for every observation in this survey. On this
timescale the imaging parameters were slightly di erent. The quality of images made
using w-projection and those not using w-projection were seen to be quite similar,
apart from a slight o set in the spatial coordinates between the two. Therefore, in
an e ort to save processing time and computational resources, the images were made
using the standard gridder without w-projection, using the multi-term multi-scale

imaging algorithm that is a part of tclean.

Image Quality

The typical noise values roughly follow the expected scaling for noise as a function of
. . P - : .
observation timet, that is 1= (t), and are summarized in Table 5 below. As the

timescales go shorter, the trend is for the variance in the noise values to go larger,
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with the images on the 8-second timescale showing a large range of values. 31 out
of the 47,964 images at the 8-second timescale had a noise that was many orders of
magnitude higher than the typical noise distribution, skewing the statistics in a way
that is possibly misleading, and therefore we exclude these highest 31 values for noise
on this timescale. In the actual analysis we did not perform any additional quality

control steps in the version of TraP we used.
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Table 4. Calibrators used for each eld in this study.

Name Bandpass Calibrator Gain Calibrator
GRB 200219A J0408-6545 J2329-4730
GRB 200411A J0408-6545 J0210-5101
Sculptor J1939-6342 J0025-2602
GRB 200411A J0408-6545 J0210-5101
GRB 200522A J1939-6342 J0022+0014
GRB 200907B J0408-6545 J0521+1638
GRB 210323A J1939-6342 J2236+2828
GRB 210726A J1331+3030 J1330+2509
GRB 210919A J0408-6545 J0503+0203
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Table 5. Summary of the mean, median and range of the image noise distributions
at each timescale in our study. Note that the 8-second timescale statistics are
computed with the highest 31 noise values excluded.

Timescale Range (Jy) Median ( Jy) Mean ( Jy)

4 hours 6 to 32 10 13
15 minutes 19 to 184 30 43
8 seconds 106 to 17709 176 205

Table 6. Summary of number of images of each eld at each timescale.

Target ‘ 4 hour images 15 minute images 8 second images
GRB200219A 4 51 5552
GRB200411A 3 39 4365
Sculptor 1 13 1455
GRB200522A 4 54 6265
GRB200907B 4 56 6274
GRB210323A 4 56 6275
GRB210726A 7 95 9072
GRB210919A 3 42 4706

Methods
Transient Searches with the LOFAR Transients Pipeline

After calibrating the data and producing images, the latter were run through the
TraP (Swinbank et al., 2015) version 4. While originally designed for LOFAR, the
TraP is telescope-agnostic and well suited for any kind of image based radio transient
search. When running the images through the pipeline, a detection threshold of
5 was used, which is the threshold for blind detection of a source, along with an
analysis threshold of 3, which is the threshold used for analyzing information about
the source (such as position and ux, and uncertainties in those quantities). The

detection threshold was set to 5 instead of the default 8 so that more sources would
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be detected and analyzed by TraP. We later increase this threshold and reduce the
number of candidate transients and variables through additional analysis, as described
in section \Determining Candidate Variables and Transients." This process of starting
with a lower threshold and increasing it later was bene cial for capturing longer
portions of variable light curves since, when a variable source reaches the detection
threshold in TraP, the TraP does not go back to previous images to measure the ux
of the source before detection. The TraP calculates variability statistic¥ and
which the user can use to classify a source as constant or varying. These statistics are

as de ned in Swinbank et al. (2015):

5 0% T (19)

= ! ; (20)

In these equations, is the observing frequencyl is the ux measurement,N is the
number of observations, is the weighted mean ux density (whose weights are the
1= 2), s the uncertainty in ux measurement, and the bar over a quantity indicates
an average.

The transient search on the 8-second timescale was limited in time to the images
contained within an approximately 15 minute scan in order to improve variability
statistics and due to the warping of the coordinates in the images. Furthermore,
the beamwidths limit in the TraP parameters was set to 3, which relaxes the hard
limits on the association between sources that are spatially separated. After searching
each of these 15 minutes for transients, the images containing transients were then
re-imaged using w-projection, and then compared with the previous images to acquire
a corrected position. The number of images for each eld is shown in Table 6. Initial
runs used 10 deblending thresholds, which is intended to separate sources that are

very close together into separate sources; however, due to errors involving source
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identi cation and the database within TraP in which an extremely large number

of sources were located at the same coordinates in the images, later runs used zero
deblending thresholds. This change does not a ect any potential transient or variable
sources, since these sources would have been clustered close together and discarded in
the next step when we restrict the number of sources within 5 times the major axis of
the beam (see below).

The output from TraP contains a large number of sources, many of which are not
astrophysical but features resulting from imaging artifacts such as sidelobes. These
imaging artifacts tend to show up as patterns of bright and dark spots around a
relatively bright source. In order to eliminate these sources, sources within a region
of a radius of 5 times the major axis of the point-spread function of the brightest
sources are discarded. The radius, in beamwidths, was determined through some
trial-and-error, and in future studies can be increased to reduce artifacts detected as
transients or decreased to reduce the chance of eliminating sources that happen to be
tightly clustered in the image. The deep 4-hour images were also examined for each
eld, and regions excluded from the transient search were created around areas of

poor quality due to extremely bright sources.

Determining Candidate Variables and Transients

One challenge of performing transient searches is deciding on the appropriate signal-
to-noise cut for a source detection. For this study we adopt the methodology used

in Rowlinson et al. (2022): we t the ux values of all the pixels in the images to a
Gaussian, to determine the sigma threshold that would result in less than one false
positive. In the case of the 15-minute and 8-second images, we use a sub-set of the
images as a sample, 50% and 2.5% of the images, respectively. These sample sizes
were constrained by the size of memory of the machine used to compute the threshold.

In order to scale up the calculated thresholds to account for the images that were not

64



Figure 26 Variability statistics V and , as de ned in equations 19 and 20, for the
4-hour timescale, also versus the maximum and average integrated ux. A black
vertical line marks = 2.

selected, we used a scaling factor to scale up to the number of pixels that would be in
the entire dataset. We then used the quantile function of the Gaussian distribution to
determine the sigma threshold that would result in less than one false positive. We did
this for all elds combined together but for every timescale separately, and found that
the thresholds are approximately 5.3, 5.7 , and 6.4 for the 4-hour, 15-minute, and
8-second images respectively. We then reduced the number of potentially interesting
sources to investigate by making cuts based on these sigma thresholds, excluded

regions, and proximity to neighboring sources.

65



Figure 27 Variability statistics V and , as de ned in equations 19 and 20, for the
15-minute timescale, also versus the maximum and average integrated ux. A black
vertical line marks = 2.
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Figure 28 Variability statistics V and , as de ned in equations 19 and 20, for the
8-second timescale, also versus the maximum and average integrated ux. A black
vertical line marks = 2.
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After removing potential transients that fall below the signal-to-noise thresholds
determined above, in order to determine which sources are potentially variable or
transient, we recalculate the variability statistic accounting for a 10% systematic
error in ux in the uncertainty, , shown in equation 20, since the value that the TraP
calculates for does not include systematic errors that can arise due to instrumental
e ects and/or calibration errors. We then create animations to examine all sources
with a corrected above a value of 2. This value was chosen for practicality reasons,
since it represents a value of that indicates signi cant variability and results in a
number of sources that could be practically examined in a non-automated way. This
resulted in 214 sources in the 8-second images, 306 sources in the 15-minute images,
and 278 sources in the 4-hour images. The images of the sources over time were
turned into the aforementioned animations with light curves and variability parameters
plotted’. Using these animations along with light curves, the sources were sorted by
eye into one of the following categories: potentially interesting astrophysical transients,
obvious noise artifacts, misassociation errors, and moving objects. The moving objects
were only found on the 8-second timescale and are most likely due to RFI, due to
the narrow-band behavior of the few sources bright enough for spectral analysis. The
objects classi ed as noise artifacts were mostly from large noise patterns across the
eld that were mistakenly detected as sources. The misassociation issues came from a

number of sources, but most of them due to sidelobes around bright sources.

Results

After examining the sources by eye, the number of potential astrophysical transients
was three in the 8-second images, 19 in the 15-minute images, and 227 in the 4-hour
images. To examine the potential transients on the 8-second timescale, corrected

positions were acquired by making w-projected images of all of the 8-second integrations

’Code available at https://github.com/dental oss1/sharedscripts as FindOutliers.py
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that made up the two scans closest to the time in which the transient appears. Then, a
second run through the TraP was done with a forced t at the corrected position of the
transient location. After this process, due to changes in the noise from w-projection, all
three potential transients fell below the detection threshold of 6.4that we previously
determined. We followed a similar process for the 15 minute images, forcing a t
at the location of the transients on the 15-minute timescale. After this process, we
recalculated the corrected for these sources and no candidates remained at this
timescale. Plots showing the ux and variability statistics of the sources on the three
di erent timescales are shown in Figures 26-28.

All of the candidates in the 4 hour images were variables. To ensure that these
variations were signi cant, we used the katbeam library to correct for the sensitivity
of the primary beam (de Villiers & Cotton, 2022). We then once again did a forced
t at all of the sources’ locations. As a result of the force tting and once again
recalculating a corrected , we nd 122 sources that still have a corrected greater

than two. These sources are all considered to be candidate variables.

Matching Catalogs

In order to better understand the variable sources, a search was performed of cata-
logs available within Vizier (Ochsenbein et al., 2000) using the Astroquery python
library (Ginsburg et al., 2019). These catalogs include other radio catalogs such as
FIRST, VLASS, and NVSS (Helfand et al., 2015; Gordon et al., 2021; Condon et al.,
1998), in addition to a large number of optical, infrared, and near-infrared catalogs,
and some X-ray and gamma-ray catalogs. Notably some of the elds in this survey lack
signi cant multi-wavelength observations due to a lack of surveys from observatories
in the southern hemisphere. In addition to searching Vizier, we also searched the
Living Swift XPS catalog (Evans et al., 2022) for X-ray counterparts. The closest

LSXPS source to any of our variable sources was approximately 65 arcseconds away,

69



Table 7. 23 variable sources with no multi-wavelength counterparts and their
positions in the MeerKAT images.

id RA Dec
(deg) (deg)

693964 344.1593 -59.5321
694324 343.5354 -58.8087
694542 343.3390 -58.9357
695276 342.8254 -58.5346
696983 341.6460 -59.6791
713623 89.7308 6.6844

713985 89.5435 6.3984

714170 89.4624 6.9762

714807 89.2317  7.0995

716711 88.4060 6.6692

702092 48.5602 -52.5190
702209 48.4860 -52.0438
702355 48.4381 -52.7810
702639 48.3066 -52.7748
702999 48.1607 -52.0628
705197 47.4973 -52.3007
705414 47.4271 -51.9934
707028 46.8995 -51.7947
707094 46.8666 -51.7357
708405 48.1628 -51.5325

and therefore we conclude that there are no matches in this catalog. For the other
catalogs, of the 122 variables in the 4-hour images, 99 of them have a source in other
catalogs that are within one arcsecond, which we consider a catalog match. There are
23 sources with no catalog matches, which are given in Table 7. 17 of these sources are
at southern declinations where there is a lack of catalog data. However, ve of these
sources should be visible to many di erent facilities. The lack of a catalog match to
these sources could be due to properties of the source, such as the spectral index or
intervening material, and the lack of matches in radio catalogs could be due to their

relatively low observed ux level on the order of hundreds of Jy.
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Table 7 (cont'd)

id RA Dec
(deg) (deg)

708781 47.5189 -51.6759
709415 46.3704 -52.3510

Variable Source Characteristics

Figure 29 shows the average ux of our variable sources in the MeerKAT observations
plotted on the horizontal axis and the associated catalog ux on the vertical axis.
The matching catalog radio sources are close in ux to the averaged measured ux
in MeerKAT. The proximity of the points to the 1:1 diagonal line shows how well
they correspond. At other wavelengths, the ux does not appear to follow any specic
correlation, but instead appears to be a cluster of sources with an outlier or two.
These outliers are from a single source, source 713705 as identi ed in our TraP runs,
that is classi ed as a star in multiple catalogs (light curve shown in Figure 30).

We also see this outlier source in Figure 31, where we have overplotted our variable
sources with associations on the radio-optical classi cation from Stewart et al. (2018).
From this gure, it is clear that our outlier is within the stellar sources, while the
other sources are near the active galactic nuclei (AGN) and stellar explosions within
this radio-optical parameter space. The other variables are very likely not supernovae
or GRBs since they are variable sources over timescales that are characteristic of AGN
and not supernovae or GRBs. Further catalog information about the outlier source
from the TESS catalog version 8.2 gives the luminosity class of this source to be a
giant. Two additional sources are classi ed as stars and have a luminosity class of
dwarf. Eleven additional sources are classi ed as stars in the TESS 8.2 catalog, Guide
Star Catalog 2.4.2, Dark Energy Survey Data Release 2, and Sloan Digital Sky Survey

16. In these same catalogs, 52 sources are either classi ed as extended sources or have
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Figure 29 The average integrated ux measured in MeerKAT images on the horizontal
axis and the catalog ux at various wavelengths from a variety of di erent catalogs
are shown on the vertical axis. Source 713705 is a clear outlier and is highlighted with
a black star symbol. The catalogs used are listed in the Acknowledgments section.
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Figure 30 Light curve and spectral energy distribution for source 713705, for which
the optical counterpart is classi ed as a giant. The left panel shows the light curve
on a linear scale, the middle panel the light curve on a log-log scale (with the start
time being the trigger time of the GRB in the eld), and the right panel is the
spectral energy distribution with measurements from Cutri et al. (2003, 2012); Gaia
Collaboration (2022) as a part of the catalogs searched in this work.

Figure 31 A plot from Stewart et al. (2018) showing radio vs optical (or near-infrared)
ux density of a variety of variable sources with the uxes of the catalog matched
sources at 1500 nm overplotted in black squares. Catalog matched uxes are from Cutri
et al. (2003); Skrutskie et al. (2006); McMahon et al. (2013); Lawrence et al. (2007).
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multiple sources matched within the 1 arcsecond search radius.

Discussion

Although there were no con dently detected transients, there remain a large number
of variable sources that warrant further investigation. In addition, the lack of transient
detections can be used to constrain parameter space via transient simulations. As
part of further investigation of these sources, the nature of the variability, whether it

is intrinsic or extrinsic variability, is examined here.

Scintillation E ects

Interstellar scintillation is a known cause of variability in the radio sky. Walker (1998)
provides some background on the kinds of variability expected from radio observations.
Scintillation can occur when light at radio wavelengths interacts with inhomogeneities
in the ionized component of the interstellar medium. The scattering produced by this
interaction can be described as being either \weak" or \strong." The dividing line
between these regimes can be determined by comparing the observing frequency with
the transition frequency . When the observing frequency is approximatelyy, the
modulation index, de ned as = or the fractional variation in ux where is the
average ux and is the variation in ux, is equal to one. If the observing frequency
is greater than the transition frequency, the observations are in the weak scattering
regime, and if it is less than the transition frequency, the observations are in the
strong scattering regime. Given the observing frequency of 1.3 GHz and typical
values shown in Table 8, all the observations in this survey are in the strong scattering
regime. The strong scattering regime can be further broken down into refractive and
di ractive scintillation. For all the timescales involved in these variable sources we
are interested in examining refractive scintillation. Hancock et al. (2019) created

models of refractive scintillation usingH maps. Using these models and relations,
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Figure 32 Scatter plot showingv for each eld with =2 as a vertical line and
the modulation index with errors from Table 8 shown as a horizontal line with a grey
shaded region. The modulation index is de ned similarly to the variability metricV
and is shown for comparison. The title of each subplot indicates the eld that the
sources are within.
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Figure 33 Light curve and spectral energy distribution for source 715880. The left
panel shows the light curve on a linear scale, the middle panel the light curve on a
log-log scale (with the start time being the trigger time of the GRB in the eld), and
the right panel is the spectral energy distribution from Lasker et al. (2008) as a part
of the catalogs searched in this work.

we nd that we expect scintillation to have a large e ect on the amount and kinds of

variability to expect in the light curves of individual sources.
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Table 8 shows a summary of all the elds in the survey, some of their properties,
and the scintillation parameters calculated from Hancock et al. (2019). A closer look
at this table may explain a large amount of the variability we see in our survey. For
example, the eld with the most transient detections, the GRB 200411A eld, has
a transition frequency g that falls within the observing band. Consequently, the
modulation index m is quite high for this eld. Combining this information with the
variability timescale t,,, reveals that in principle all the variables in this eld can be
explained by refractive scintillation. There are other elds in which ¢ is close to the
observing band: using the same logic as for the GRB 200411A eld, we can say that
the variables in the GRB 200219A eld, GRB 200522A eld, GRB 210323A eld, and
GRB 210726A eld can be explained by refractive scintillation. Note that the number
of detected variables in the GRB 200522A eld is lower due to the higher average noise.
Any variable in the aforementioned elds would need to show a calculated modulation
index greater than the already high expected modulation index from scintillation in
these elds, and after examining these sources none of them have a modulation index
signi cantly higher than that predicted for refractive scintillation. In Figure 32, we
show how the modulation index, shown as a grey shaded region, compares to the
variability parameter, V, in this scatter plot of and V for each eld. This plot shows
how for some elds, the modulation index is very high, and could be consistent with
all of the sources in the eld. Note, however, that this does not consider timescale of
variability.

In the case of the GRB 210919A eld, we see that the predicted scintillation
timescale is much longer than the duration of the survey of this eld. Therefore,
it follows that no variables were detected. However, in the GRB200907B eld, we
also see a longer timescale for scintillation than the length of the survey, and in this
eld there are detected variable sources. All but two of the sources have variability

timescales that are at least 17 days, as can be seen in source 715880 shown in Figure 33
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and in source 713705 in Figure 30. A possible explanation for this timescale and
modulation index could be that the scattering screen is closer than is assumed in the
estimates for scintillation. This possibility could be supported by the estimations
on the refractive scintillation from Hancock et al. (2019) showing one source that
is very di erent in modulation index and timescale. This source ended up having
variability more consistent with modulation indices and timescales like the rest of
the eld. Therefore, for this study, we took a single modulation index at the center
of the eld, but the point remains that there is a possibility that this region of the
sky contains very inconsistent ISM charged particle populations that could possibly

explain the variability.

Intrinsic Variablity

Of the fourteen variable sources in the GRB 200907B eld, two have variability on
timescales shorter than 15 days, a timescale inconsistent with extrinsic variability from
refractive scintillation according to the models we have used, therefore this variability
is most likely intrinsic to these sources. Source 713705, also discussed in the previous
section, is a known variable star also called ASASSN-V J055841.70+070741.7, with a
period of 17.22 days reported in the AAVSO International Variable Star Index (Watson

et al., 2006). This source is known to be variable at other wavelengths and could be
intrinsically variable in the radio as well. The light curve for this source is shown
in Figure 30. The variability of this source is quite short with the ux rising to its
peak and falling again within a timespan of about 15 days. Like source 713705, source
715880 shows a single high ux measurement in a fteen day span which can be seen
in Figure 33. This source is not classi ed in any other catalogs, but has some ux
measurements in the infrared with WISE (Cutri et al., 2021). Figure 34 shows source
715880 with its variability timescale (assuming 15 days) multiplied by the observing

frequency (1.3 GHz), against its luminosity. Two values are shown on the scatter plot
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Figure 34 Scatter plot of a variety of transients observable in radio as a function of
variability timescale and luminosity, adapted from Pietka et al. (2015). Overplotted
with pink squares are the values for source 715880 at both 10 kpc and 10 Mpc.

for this source: one if the source is at 10 kpc and on if the source is at 10 Mpc. From
this plot, we see that the source is possibly an X-ray binary or nova if it is at 10 kpc,
and it is possibly a supernova if it is at 10 Mpc. Further investigation into this source,

including follow-up observations, are warranted to classify the source and determine

what sort of variability could cause its radio behaviour.
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