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ABSTRACT

The Vera C. Rubin Observatory is scheduled to begin operation in 2025. Rubin
Observatory will conduct an ambitious sky survey, the Legacy Survey of Space and
Time (LSST), that will scan the entire Southern Hemisphere sky every 3-4 nights for
over ten years in six photometric bands. With its unique survey capability in the
time domain and exquisite image quality, LSST will unlock a vast and diverse range
of scienti ¢ investigations that will dramatically improve our understanding of the
Universe. Rubin will enable the study of phenomena that are rarely observed today, and
perhaps the most exciting promise of LSST will be making unexpected discoveries of
astrophysical events and phenomena that have never been seen before or even predicted
from theory, which may challenge our physical models. This dissertation focuses on
preparing for the upcoming sky survey and the application of modern analytic and
arti cial intelligence (Al) techniques to identify, analyze, and characterize rare and
unknown transient events that will be discovered by the LSST. My work enables an
understanding of how observing choices in uence serendipitous discoveries and the
detection of a rare and unique class of transients, Light Echoes, for which | developed
Al-driven methods for their discovery and investigated how analytical choices in uence

their spectral analysis.

XXi



Chapter 1
INTRODUCTION

The Vera C. Rubin Observatory is nearing the completion of construction and is
set to begin operations in 2025. Located on top of Cerro Paclon, Chile, Rubin Obser-
vatory (Figure 1.1) is the next-generation ground-based astronomical telescope funded
by the National Science Foundation (NSF) and the Department of Energy (DOE). As a

$1B budget project, the mission of the Rubin Observatory is to conduct an unprece-
dented sky survey, the Legacy Survey of Space and Time (LSST). It is an ambitious
project that will scan the entire Southern Hemisphere sky (see Figure 1.2) every 3-4
nights for over ten years in six photometric bandsugrizy) using the world's largest
digital camera (3200 megapixels), delivering an astounding 20TB of information-rich
data every night, 300PB when the survey end.

With its unique survey capability in the time domain and exquisite image qual-
ity, LSST will unlock a vast and diverse range of scienti c investigations that will
dramatically improve our understanding of the Universe. The LSST is designed for
achieving four core science goals: probing the nature of dark matter and dark energy,
taking an inventory of the solar system, exploring the transient optical sky, and map-
ping the Milky Way galaxy [lvezc et al., 2019]. The interlocking requirements that are
imposed by these scienti ¢ goals stretch the survey beyond its impact into the speci ed
four domains and set the stage for a survey that will be revolutionary in almost all
sub elds of astrophysics.

While the design of Rubin LSST is driven by clear science goals, perhaps the

most exciting promise of the LSST lies in its ability to make unexpected discoveries.



Figure 1.1: The Rubin Observatory facility at night on the summit of Cerro Pacton,
Chile. Image fromhttps://gallery.Isst.org/ . Credit: Bruno C. Quint.

Rubin will enable the study of phenomena that are today rarely observed, and phe-
nomena that have never been seen before or even predicted by existing theories, which
may challenge our physical models.

Throughout the history of astronomy, the progress of discovery is driven by not
only deliberate, targeted studies of known phenomena, but also through serendipitous,
unexpected discoveries. In many cases, revolutionary discoveries in astrophysics were
pursued meticulously after an initial hint through painstakingly slow deliberate ob-
serving strategies and e orts. This is the case for the discovery of dark matter and its
dominant role in Galaxy dynamics, revealed over years of observations and analysis by
the persistent work of Vera C. Rubin [Rubin, 1988], after which Rubin Observatory is
named. In many others, these discoveries that changed our fundamental understand-
ing of the universe were not the result of planned experiments but rather considered
abnormal detections at that time. Within these discoveries, the introduction of new
technologies has played a pivotal role. In 1610, Galileo Galilei discovered a group of

\anomalous stars" using his homemade telescope. These \anomalous stars" turned out



Figure 1.2: The proposed sky coverageof, gure from Naghib et al. 2019) separated
into sky regions (shown in di erent colors) and the planned number of visitdpttom) in
the latest simulation of the Rubin LSST paseline v3.0 , see Bianco and The Rubin
Observatory Survey Cadence Optimization Committee 2023). The sky regions, as
labeled in the legend of the top panel, correspond to the Galactic Plane Region; Wide
Fast Deep,i.e. the main survey of LSST where most of the visits will be collected;
the South Celestial Pole; the North Ecliptic Spur; and Deep Drilling Fields (DDFs,
labeled DDCosmologyl in the gure), single sky pointings which will be observed at a
higher cadence and depth (the location of the DDFs is nalized as shown in the bottom
panel). The simulated depth per sky position is the result of a complex optimization
process over many science goals [Bianco et al., 2021, Li et al., 2021, Andreoni et al.,
2021].
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to be the moons of Jupiter. In 1967, Dame Jocelyn Bell Burnell and Antony Hewish
made the serendipitous detection of pulsars using a new radio telescope. Dismissed at
the time by her adviser as surely a mistake in analysis or an instrumental artifagtand
dubbed \Little Green Man 1" (LGM-1) for its seemingly unexplainable phenomenol-
ogy?, this discovery revolutionized our understanding of compact stars and opened up a
new eld of astrophysics [Hewish et al., 1969]. Similarly, considering the identi cation

of Fast Radio Bursts (FRBs) in 2007 [Lorimer et al., 2007], enabled by advancements
in radio astronomy instrumentation and signal processing techniques, which unveiled

a new class of astrophysical phenomena yet to be understood.

1.1 The Rubin Observatory and LSST system

The Rubin Observatory is a truly technologically innovative observatory:

1.1.1 The Mirror and Optical Design:

Rubin LSST features a special Paul-Baker three-mirror system [Abell et al.,
2009], resulting in a wide eld of view and extraordinary imaging capabilities. The
optical system consists of an 8.4-m primary mirror (M1), a 3.5-m convex secondary
mirror (M2), and a 5.0-m tertiary mirror (M3) 3. M1 and M3 are fabricated innovatively
on one large substrate, creating a more compact structure and enabling swift movement.
As illustrated in Figure 1.3, the incoming light from the sky rst re ects o the M1
(outer ring) upward to M2, then bounce back down to M3 (inner ring), from where
it's re ected again toward the camera sensors. Due to the doughnut mirror shape, the
e ective re ecting area of the telescope is 6.423 m leading to a magnitude limit of

g 24 for a 30-second exposure. This unique design achieves a 9.6 dgd of view

L https://www.smithsonianmag.com/smart-news/decades%2Dafter%2Dbeing%
2Dpassed%2Dover%2Dnobel%2Djocelyn%2Dbell%2Dburnell%2Dgets%2Dher%2Ddue%
2D180970248

2 https://www.washingtonpost.com/science/2018/09/08/
she-made-discovery-man-got-nobel-half-century-later-shes-won-million-prize/

3 Seehttps:/lwww.lsst.org/about/tel-site/optical_design



Figure 1.3: The LSST telescope utilizes a three-mirror system. The incoming light
from the sky is rst re ected o the M1 (outer ring) upward to M2, then bounces back
down to M3 (inner ring), from where it is nally re ected toward the camera sensors.
The M1 and M3 are combined into a single substrate (image available &ttps:
/Iwww.Isst.org/about/tel-site/optical_design ). On the right is an image of the
Rubin team (at the time called \Large Synotpic Survey Telescope") posing with the
M1/M3 under construction in the University of Arizona Mirror Lab in August 2008.
Photo credits: Howard Lester/LSST.

and an impressive 319 Adedf etendue. Theetendue is the product of mirror area and
eld of view, it is an important characteristic that measures the volume of the Universe
that can be probed with a single exposure. Figure 1.4 compares the etendue of the
Rubin system with that of other telescopes: Rubin'setendue is one order of magnitude
bigger than that of any other telescope. These mirrors were fabricated at the Richard
F. Caris Mirror Lab at the University of Arizona, and arrived at the Rubin summit

facility building on Cerro Pacton in Chile in 2019

1.1.2 The LSST Department of Energy (DOE) Camera:

As shown in Figure 1.3, the light from the sky undergoes a series of re ections
within the Rubin optical system, and then nally reaches the camera's focal plane.
Rubin is equipped with a stunning 3.2-gigapixel camera, the world's largest digital

camera ever constructed. The camera is being assembled at the US Department of

4 https://rubinobservatory.org/news/rubins%2D8%2D4%2Dmeter%2Dmirror%
2Dreaches%2Dthe%2Dsummit
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