
 

 

 University of Groningen

Vast and Fast Data in the era of the large astrophysics and particle physics experiments
Gazagnes, Simon

DOI:
10.33612/diss.179743481

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2021

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Gazagnes, S. (2021). Vast and Fast Data in the era of the large astrophysics and particle physics
experiments. [Thesis fully internal (DIV), University of Groningen]. University of Groningen.
https://doi.org/10.33612/diss.179743481

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://doi.org/10.33612/diss.179743481
https://research.rug.nl/en/publications/6cf93e50-5981-4a6a-bb9b-eb931442cc2a
https://doi.org/10.33612/diss.179743481


Chapter 1

INTRODUCTION



1

1. INTRODUCTION

It is a remarkable fact that the development and democratization
of the Internet is not even 30 years old (Berners-Lee et al. 1992), that
the first multi-touch smartphone did not yet blow out the candles of its
20th anniversary, while the most famous social network, born in 2004,
reached this year 2.8 billion worldwide users. Over the past century, our
society has been evolving at an incredible pace, but recognizing this recent
progress is not simple since we are actively involved in this process. The
recent technological advances have propelled us into a new historical
period, marking the end of the Industrial Revolution and the beginning
of the Information Age (Castells 1996). Behind this vague but appealing
denomination hides the evidence that our world is now dominated by
Data. Today, through intelligent algorithms and support systems, Data is
the foundation of the digital economy. Importantly, through its pivotal
role in innovation and emerging technologies, Data is self-sustaining its
exponential growth. But problematically, through the endorsement of often
obscure automatic collection systems, this Data supremacy is also raising
several ethical concerns for the future of our society.

The topic of this thesis is not to dive too far into the political and
societal ramifications of the negative consequences that this Information
Age may lead to (several studies are investigating this, e.g., Bryant et al.
2008; Hampton et al. 2013; Kaisler et al. 2013; Burrows & Savage 2014;
Kitchin 2014). Rather, it is to understand how this revolution considerably
re-shaped the scientific community through the emergence of a data-
centric approach to research, having substantial repercussions for the
development of novel cutting-edge research experiments. To properly
capture the implications of these modern scientific challenges, we must
further define what is Data. The OECD glossary of statistical terms defines
Data as “characteristics or information, usually numerical, that are collected
through observation1”. However, while they are often confused together,
Data and Information represent different concepts. Data, as collected by
data-acquisition systems, is raw, unstructured, such that it needs to be
processed, refined, corrected, i.e., transformed to produce a meaningful
output revealing relevant insights in a certain context. On the other hand,
Information is refined knowledge. It is the result of an analysis revealing
the underlying mechanisms governing a certain phenomenon, whether the
latter is physical or conceptual. Information is extracted from data such
that information depends on data. On the other hand, raw data do not

1Note that here, the term “observation” refers to a global observation of a phenomenon
that can be approached using experiments or simulations.
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have any meaning until it is processed to information.

With the evolution of data-acquisition techniques and the exponential
growth of data volume and variety, this transformation process has become
non-trivial and nowadays faces major obstacles, commonly referred under
the term Big Data. The over-use of this term has caused it to be used
inappropriately. A famous quote by Professor Dan Ariely at Duke University
says: “Big Data is like teenage sex: everyone talks about it, nobody really
knows how to do it, everyone thinks everyone else is doing it, so everyone
claims they are doing it”. To understand what is Big Data, it is always
appropriate to explore its definition in the scientific literature. In a large
number of studies (e.g., Zikopoulos et al. 2011; Sagiroglu & Sinanc 2013;
Kaisler et al. 2013; Bhadani & Jothimani 2016), Big Data is defined using
5 V characteristics:

• Volume: the amount of data collected is gigantic such that its storage
must be accommodated to handle it.

• Velocity: the data is generated at very high rates and must be
managed through real-time systems.

• Variety: the data format is not uniform, its variety must be handled
optimally.

• Veracity: the data reliability must be checked to determine how
trustworthy is the information content.

• Variability: the data is inconsistent because of variations in the flow
rate of the data-acquisition system.

Hence, Big Data is not only about data volumes, its complexity is a
combination of multiple aspects that makes the process of extracting
information challenging. In addition, modern data sets are high-
dimensional, they contain hundreds to thousands of parameters, making
their interpretation harder. Consequently, efficiently extracting information
from data nowadays requires us to design sophisticated computational
methods embedding complex statistical, mathematical, and programming
techniques. This effort has become critical for modern research experiments
that are pushing the complexity of data-acquisition systems to their
maximum. The development of efficient data-analysis procedures is a
keystone for future data-driven discoveries that are promised to open new
ways to tackling fundamental scientific questions.

The development of vast and fast data-driven research experiments led
to the rapid emergence of a Data Science community entirely dedicated to
solving Big Data challenges. This community leads pivotal inter-disciplinary
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efforts by developing novel methods, algorithms, and systems to efficiently
extract the information content of complex data sets across a broad range
of applications. It is imperative to highlight that the critical aspect of
Data Science is not Data but Science. Indeed, Data Science is a science,
not an improvised effort. The role of a data scientist is to provide an
optimal answer to a complex problem using a scientific methodology. Data
scientists must build upon a broad skill-set enabling them to capture the
fundamental knowledge in diverse domains. Additionally, data scientists
are required by nature to be creative, curious, and, importantly, to develop
multi-modal communication skills that will allow them to translate the
problem and its solution to scientists of varying backgrounds.

The development of the Data Science community led to the foundation
of new institutes dedicated uniquely to provide adapted answers to these
modern data-analysis challenges. In the Netherlands, the Centre for Data
Science and Systems Complexity (DSSC) at the University of Groningen
has gathered a team of researchers from different fields (e.g., mathematics,
statistics, computer science, artificial intelligence, engineering, astronomy,
physics, bioinformatics) to promote interdisciplinary efforts and develop
the methods of tomorrow. The Ph.D. project [VF]ast data, underlying
the work presented in this thesis, was proposed to benefit from the
latest development in a specific branch of Image and Signal Processing,
referred to as Mathematical Morphology, to deal with vast and fast data in
forthcoming large astrophysics and particle physics research experiments.
This thesis covers a wide range of topics from component trees, distributed-
memory architectures, the formation of the first stars and galaxies using
ground- and space-based telescopes, to the reconstruction of particle
trajectories in high-energy particle accelerators experiments. In the next
sections, I present the basic theoretical background required to appreciate
the work presented in this thesis.

1.1 MATHEMATICAL MORPHOLOGY

Mathematical Morphology was developed in the 1960s by Georges Matheron
and Jean Serra at the Ecole des Mines in Paris to provide a novel approach
enabling efficient quantitative analyses of the morphological properties
of structures in signal and multi-dimensional images (Matheron 1975;
Serra 1982, 1986). Originally, Jean Serra motivated its development by
the necessity to provide a robust formalism for working with geometrical
structures. Rapidly after the first developments, this field encountered a
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large success as it proved powerful for multiple and diverse applications.
The first International Symposium on Mathematical Morphology took
place in 1993 and is now organized biennially, emphasizing that this
discipline became a meaningful branch in the field of Image and Signal
processing. As of today, the Mathematical Morphology community keeps
growing as the techniques developed have attractive properties to deal
with several applications such as biomedical imaging, remote-sensing,
and astronomy. To understand the work presented in Chapters 2 and
3, Section 1.1.1 provides an overview of the first developments in this
field, and Section 1.1.2 then introduces the concept of connected operators
based on component trees.

1.1.1 FIRST DEVELOPMENTS

Mathematical Morphology is based on the lattice theory (Birkhoff 1940)
which framework was edified to study classes or ordered sets in mathe-
matics. The first morphological operators, known as the dilation and the
erosion, were based on simple expanding and shrinking operations. These
procedures are defined relative to a structuring element interacting with
the image content and altering the morphology of the structures within.
For example, when using a simple circle as the structuring element, a
dilation is useful to fill holes and thicken the shapes consistently, while
the erosion has the opposite effect, i.e., it removes small features and
trims the structures (see Figure 1.1 top right and bottom left). Based on
these two basic techniques, the opening operator combines successively a
dilation and an erosion and, therefore, discards small objects (Figure 1.1
bottom middle). On the other hand, the closing operator performs an
erosion followed by a dilation to fill holes in hollowed objects (Figure 1.1
bottom right). These primitive procedures provided simple but well-
defined morphological transformations that were already useful to open
new perspectives in looking at the information contained in an image.
Further, they allowed wide flexibility in the choice of the shape and size of
the structuring element, enabling one to explore different morphological
profiles and hence providing large freedom for the image analysis itself. For
this reason, these morphological tools were already successfully applied to
diverse applications such as text extraction (Babu et al. 2010), detection
of imperfections in circuit boards (Bălan 2008), or fingerprint feature
extractions (Humbe et al. 2007).
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Original image Structuring element Dilation

Erosion Opening Closing

Figure 1.1: Some of the first morphological operations (dilation, erosion, opening,
and closing) developed during the premises of the Mathematical Morphology
formalism. The top left panel presents the original image and the top middle
panel shows the structuring element used to perform these operations. Each of the
morphological operations alters the shape and size of the structures in the original
image based on the choice of the structuring element. Examples of applications
for such operations are discussed in this Section.

1.1.2 CONNECTED OPERATORS

While having attractive characteristics, the morphological transformations
presented above are irreversible operations, i.e., the information content of
the transformed data is different than in the original data. For object- and
region-based applications, this aspect limits the reliability of the analysis
because the shape and contours of the structures are significantly altered.
A second class of Mathematical Morphology techniques, the connected
operators (Klein 1976; Salembier et al. 1998; Salembier & Wilkinson 2009),
were developed to allow more flexibility for image filtering and analyses.
Connected operators act on the flat zones of an image rather than on the
individual pixels. A flat zone is a connected group of pixels having the
same gray level (we will consider only gray-scale images for simplicity).
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Typically, we refer to the number of gray scales in term of bit-per-pixel,
such that, for an image with 8 bit-per-pixel, the range of intensities a pixel
can have is limited to 256 values. For images with floating-point values,
the intensity that a pixel can have is a real number, such that the number
of flat-zones can reach the size of the image itself (each pixel is its own
flat-zone).

Then, a simple approach to define a connected group of pixels is to use
their spatial neighboring relations in the data set. If the data set is two-
dimensional (an image), each pixel can have 4 (up, right, bottom, left) or
8 (including the up-right, up-left, bottom-right, and bottom-left) neighbors.
For three-dimensional data sets (image-cube), each voxel can have either 6
or 26 neighbors. Connected operators can then be assimilated as filtering
techniques that act by merging these flat zones. Hence, by construction,
they cannot introduce discontinuities or new contours in the resulting
image. They can be applied in two different manners, either through a
reconstruction process that restores parts of the original image after the
operation (for more details, see Salembier & Wilkinson 2009), or using a
hierarchical region-based structure, referred to as a tree, representing the
input image. In this thesis, we work primarily with the latter approach and
I provide an overview of its functioning in the next section.

1.1.2.1 REGION-BASED REPRESENTATION OF AN IMAGE

One efficient strategy to define connected operators is to construct a
component tree representation of the input image. Building such a structure
must be done during the initial step, which makes the process more complex
than just using the original pixel-based representation. However, this tree
approach provides large flexibility for filtering and multi-scale analyses. In
a component tree structure, each node represents a connected component of
the image, and each branch shows the nested relations of these components
in the image. To provide a concrete example, I present the max-tree
representation, in which the tree leaves characterize the regional maxima
in the image. The mathematical formalism of the max-tree representation
is defined as follows: given an image I P Nn, we define the set of pixels
Xk that have a gray value larger or equal than k and Yk the set of pixels
having a gray value equal to k:

Xk “ tp P I, such that f rps ě ku (1.1)

Yk “ tp P I, such that f rps “ ku. (1.2)

Each node in the tree at a level k, denoted Nk, represents a subset C of Xk

such that C X Yk ‰ H (Salembier & Wilkinson 2009). The whole max-tree
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structure then represents the nested relations of all the nodes Nk in the
image. We provide an example of max-tree construction in Figure 1.2. The
image in this figure is composed of 5 flat zones, referenced by a letter and
a number representing the gray level pixel values inside the flat zone. The
first step of the tree construction consists of applying a threshold such that
k ě 0. In the first top panel, we represent the set of regions that have
gray values equal to 0 in white and the set of regions that have gray values
strictly larger than 0 in blue. The set X0 is the union of both the blue
and white regions, while the set Y0 only encodes the white region (the
background). At this level, there is only a single connected component
that represents the whole image. Indeed, all pixels belong to X0 and the
union of X0 with Y0 is not empty. This node is typically referred to as the
root node in the max-tree (node 0 in Figure 1.2). We reiterate the same
operation now taking k ě 1. X1 is again the union of the white and blue
regions in the middle top panel, while Y1 only encodes the white rectangle.
X1 is composed of two spatially independent connected components. The
first of these two components contains the flat zones C, D, and B, such
that it meets the condition C X Y1 ‰ H. On the other hand, the second
connected component on the right, formed only by the flat-zone E, does
not satisfy the criterion as the intersection with Y1 is empty. Hence, the
only connected component at k “ 1 is the union of B, C, and D, which is
represented by node 1 in the max-tree. Similarly, reiterating the operation
with k “ 2 leads to the nodes C, D, and E forming individual connected
components, therefore being each represented by an individual node in
the tree. We note that, because the flat-zone E was not connected to any
flat-zone at k “ 1, its parent node in the tree will be the root node 0. As
emphasized by this figure, this max-tree tree representation encodes the
regional maxima in its leaves. Similarly, it is trivial to define the min-tree,
which is simply the max-tree complement. We note that there exist diverse
component tree representations, such as the binary-tree, inclusion-tree,
alpha-tree, or tree-of-shapes (Salembier et al. 1998; Ouzounis & Soille
2012; Géraud et al. 2013; Xu et al. 2016). Each structure highlights
different features in the data. The choice of a given tree representation
depends on the application, and several representations can be combined
to reach the desired results.

Once the tree is constructed, it can be simplified through a pruning
process that removes specific nodes. The pruning strategy relies on a
criterion that tests whether a node in the tree should be conserved or
removed. In practice, removing a node is achieved by setting the gray
value of its pixels to the gray value of the first node in the branch that
was not pruned. Then, the output filtered image is obtained based on the
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Threshold set k = 0

A-0
B-1

C-2

D-2

E-2

Grayscale image

Threshold set k = 1 Threshold set k = 2

0 A∪B∪C∪D∪E

Max-tree representation

1B∪C∪D

2 C 2 D

2 E

Figure 1.2: Max-Tree representation of an image formed by 5 flat zones. Each
flat zone is labeled with a letter and a number that represents the gray value of
the pixels inside the region. At each stage (top row), the white regions show the
flat zones with a gray value equal to k, and the blue regions the flat zones with a
gray value strictly larger than k (in blue). The connected components forming
the nodes of the max-tree representation at a level k are defined as the union
between the blue and white regions such that the intersection between both sets
is not empty (see the detailed description in this Section).

Grayscale image

0

Max-tree representation

1

2 2 2

0

Pruned max-tree

1

2

Filtered image

Figure 1.3: An example of image filtering using component-tree techniques.
By pruning two nodes in the original max-tree representation, we remove the
corresponding regions in the filtered image.
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pruned tree. A simplistic example of this pruning operation is shown in
Figure 1.3. We note that there exist diverse pruning strategies depending
on the characteristic of the criterion that is defined, and on the attributes
(understand statistics) that are computed for each connected component in
the image. Chapter 2 and Chapter 3 provide further details and examples
about these operations.

Overall, tree representations are powerful hierarchical structures for
filtering (Breen & Jones 1996; Salembier et al. 1998; Meijster et al. 2002;
Urbach et al. 2005) and multi-scale operations (Benediktsson et al. 2005;
Urbach et al. 2007; Wilkinson et al. 2016). They have been successfully
used in diverse applications, opening novel perspectives in analyzing the
information content of multi-dimensional data sets. In particular, they
have been applied to astronomical surveys (Berger et al. 2007; Teeninga
et al. 2016; Haigh et al. 2021), remote-sensing applications (Wilkinson
et al. 2011; Cavallaro et al. 2016), and medical imaging (Westenberg et al.
2007; Purnama et al. 2010).

Over the past decade, the literature in this field has been rapidly
growing, especially regarding tree construction algorithms, which is an
important aspect of Chapter 2 and Chapter 3. I present an overview of
the currently existing algorithms in the next section.

1.1.3 TREE CONSTRUCTION ALGORITHMS

Building the component tree can be a complex process depending on the
size and dynamic range (the range of gray values a pixel can take) of the
data sets considered. Hence, it is critical to design efficient tree construction
algorithms to optimally use these techniques without excessively penalizing
the whole analysis process. Several techniques have been developed for
sequential (i.e., building the tree using a single process) tree construction
(e.g., Salembier et al. 1998; Berger et al. 2007; Wilkinson 2011; Carlinet
& Géraud 2014; Teeninga & Wilkinson 2020). As emphasized by the
authors in the latter works, it is important to note that there is no optimal
choice of tree construction algorithm that works best for all applications
as it depends on the properties of the data and the characteristics of the
hardware used.

The development of image-acquisition techniques in several fields led
to a significant growth in the complexity of data sets, either because of
their gigantic sizes or because they reach extremely large dynamic ranges.
Hence, it became impractical to use sequential algorithms, as both the
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time and memory2 footprint required to apply these methods become too
large. This problem can be resolved by using parallel computational
techniques, allowing to speed up the tree construction process. Yet,
contrary to most image-processing techniques, connected operators and
tree structures are not easily parallelized because they are non-local and
non-separable techniques. Nevertheless, Wilkinson et al. (2008) proposed
an ingenious parallel implementation for a tree construction algorithm
adapted for shared-memory architectures, i.e., a machine working with
several CPU processes sharing a single memory block, that can be used
concurrently to speed up the completion of series of tasks. The strategy
presented by Wilkinson et al. (2008) is a divide-and-conquer approach,
where the original data set is divided in smaller chunks assigned to several
processes. A tree representation is built for each of these chunks and then
all trees are iteratively merged to obtain the tree characterizing the whole
image. A specific merging strategy ensures that both the attributes and
nested relations of the connected components are properly propagated
and corrected during the process. The authors showed that this approach
works well for data sets up to „20 bit-per-pixel, but that its performance
decreases for higher dynamic range images. Therefore, Moschini et al.
(2018) proposed an original approach based on the refinement of a low-
quantized pilot-tree to handle these more complex cases.

These shared-memory-based parallelization techniques have been
successfully applied to images up to a few Gigapixels at most, but are
limited for larger sizes such as Tera-scale (91012 pixels) data sets. This
is because building the tree representation of an image has a memory
footprint that is typically 20 to 50 times larger than the size of the
image itself. For example, one night of observations collected with the
Low Frequency Array (LOFAR) telescope (used in the experimental setup
described in Chapter 3) is a volume of almost 3ˆ1011 single-precision
floating-point voxels. Simply accessing this data set on a single machine
would require around 1 Terabyte of memory and 20 to 50 times more
to build its tree representation. Currently, there is no machine in the
world that can cope with such requirements. As an example, the high-
performance computing Peregrine cluster at the University of Groningen is
composed of more than 200 hundred nodes with 128 Gigabytes of memory
per node, and only 6 nodes with each 1 or 2 Terabytes of memory.

2Note that when we refer to the memory, we refer to the Random Access Memory (RAM)
of the system.
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COMMUNICATION NETWORK

Memory

CPU #1 CPU #2

CPU #3 CPU #4

Node #1

Memory

CPU #1 CPU #2

CPU #3 CPU #4

Node #2

Memory

CPU #1 CPU #2

CPU #3 CPU #4

Node #3

Memory

CPU #1 CPU #2

CPU #3 CPU #4

Node #4

Figure 1.4: A schematic example of a distributed-memory architecture. Each
node is composed of several CPUs sharing a memory block. If the inter-node
communication is handled efficiently, a distributed-memory parallelization enables
one to improve the computational time and divide the memory footprint of an
operation over several nodes.

To solve for the memory limitation of shared-memory architectures, one
can take advantage of distributed-memory architectures, the configuration
of which is presented in Figure 1.4. The idea is to parallelize an operation
over several nodes, each composed of several CPUs and an individual
memory block, connected by a communication network. Hence, not only
we can significantly improve the computational time (similarly to shared-
memory-based parallelization) but this approach also enables one to divide
the memory footprint over several independent memory blocks. However,
these architectures add an additional level of complexity in the algorithm
implementation because each node reads only a specific chunk of the
whole data set and do not have a direct access to the data stored on
other nodes. Therefore, distributed-memory algorithms need to efficiently
manage the inter-communication between the nodes to ensure that the
whole process results in a similar output as if the process was handled
using a single process. Chapter 2 and Chapter 3 in this thesis present a
novel algorithm, building upon the Distributed Component Forest concept
introduced by Kazemier et al. (2017), that allows efficient construction
and processing of component trees using a hybrid parallelization scheme,
benefiting from both shared- and distributed-memory techniques. We
show that this algorithm is particularly suited for filtering or multi-scale
analyses of the connected component properties in Tera-Scale data sets.
Additionally, we use this algorithm in the context of an astrophysical
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application (Chapter 5) exploring the Epoch of Reionization with future
21-cm telescopes such as the Square Kilometer Array (see next section).

1.2 THE EPOCH OF REIONIZATION

In this section, we provide the basic knowledge required to understand the
astrophysical studies conducted in the context of this thesis. To do so, we
first present a brief review of the recent progress related to the evolution
of our Universe in the first billions years after the Big Bang.

Nowadays, it is commonly accepted that the Big Bang theory is,
although still incomplete, the best cosmological model to explain the
origin and evolution of our Universe. It is also amusing to note that the
term Big Bang, as first introduced by the astronomer Fred Hoyle in 1949
during an interview on BBC, was meant to have a pejorative connotation
as most of the scientific community at that time believed in a “steady-state”
Universe. During this interview, Hoyle was reacting to the recent results
published in 1948 by George Gamow and his student Ralph Alpher. The
latter, advocating the Big Bang theory, introduced the idea that the first
atoms formed after an initial stew of super-hot nuclear fusions of basic
particles, a process referred to as the Big Bang nucleosynthesis (Alpher et al.
1948). Gamow and Alpher, by the same train of thoughts, predicted the
presence of a relic signal, the Cosmic Microwave Background, as leftover
afterglow radiation from the Big Bang. The CMB was accidentally detected
in 1964 by Arno Penzias and Robert Wilson (Penzias & Wilson 1965),
providing strong evidence favoring the Big Bang theory over the steady-
state universe model. As of today, the CMB, marking the end of the Epoch of
Recombination (the cosmic epoch at which electrons and protons combined
to form neutral hydrogen atoms), is the oldest observable electromagnetic
radiation in the Universe.

The cosmic epoch that is relevant in the context of this thesis happened
thousands of million years after the Epoch of Recombination. At this time,
the Universe was a very dark and opaque place (the Dark Ages), pervaded
mainly by neutral hydrogen (H I) atoms. This is drastically different from
today’s Universe, populated by astronomical sources such as stars, galaxies,
black holes, and quasars, where almost all of the hydrogen gas is ionized
(i.e., the electron has been ejected from the hydrogen atom). The formation
of the first stars and galaxies marks the beginning of a key phase transition
in the Universe history referred to as the Cosmic Dawn. These light sources
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emitted the first ionizing photons, i.e. photons with enough energy to
knock electrons off of atoms and molecules (for the neutral hydrogen,
these photons must have an energy of at least an energy of 13.6 eV, which
corresponds to wavelengths lower than 912 Å). The increasing amount of
ionizing photons produced during these epochs progressively ionized the
hydrogen in the entire Universe. This latter era is referred to as the Epoch
of Reionization3 (EoR, see Figure 1.5) and this period is a crucial milestone
in the history of the Universe (see e.g., Ciardi & Ferrara 2005; Morales &
Wyithe 2010; Pritchard & Loeb 2012; Furlanetto 2016; Mesinger 2016).

Figure 1.5: Simplified timeline of the Universe (Credit: NAOJ). The Epoch of the
Reionization corresponds to a phase transition of the Universe during which the
neutral hydrogen was progressively ionized by the high-energy radiation emitted
by the first astronomical sources.

The EoR has critical implications for the formation of stars and
galaxies, yet many fundamental issues related to this epoch remain poorly
understood. For example, it is still unclear when cosmic reionization
started and ended, what physical processes dominated the formation
of the first objects, or which of these objects (e.g., low-mass galaxies,
black holes, quasars) dominantly contributed to the ionizing photons
budget (for an extended review of current astrophysical questions related
to the EoR, see Mesinger 2016; Dayal & Ferrara 2018; Cooray et al.
2019). Answering these questions is a complex process. First, because it
requires knowledge in diverse astrophysical domains such as cosmology,
galaxy formation, active galactic nuclei (AGN), and the physics of stars.
Second, because the observational support to explore these distant epochs
is very limited (Cooray et al. 2019). Observing galaxies that populated
the EoR is extremely challenging, and very few discoveries have been

3We talk about reionization since the Universe was already ionized before the Epoch of
Recombination.
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reported in the literature (e.g., Pentericci et al. 2011; Ota et al. 2014;
Watson et al. 2015; Smit et al. 2018). However, this caveat is in the
process of being solved thanks to the construction of a new generation
of ground- and space-based telescopes (detailed below) that will provide
us with several approaches for probing the IGM and the properties of
the reionization sources. These upcoming vast astronomical experiments
will face several Big Data challenges mostly related to the gigantic data
volumes that will be collected (up to Petabytes per day and Zetabytes
per year, see e.g. Choi 2020). In this thesis, Chapter 4 and Chapter 5
focus on two different aspects of exploring the EoR using ultraviolet (UV)
spectroscopy and the observation of the redshifted 21-cm line from the
neutral hydrogen, respectively. Importantly, Chapter 5 builds upon the
techniques developed in Chapters 2 and 3 which were crucial to carry out
the astrophysical analysis. These two studies provide valuable insights for
planning forthcoming observations with the next era of telescopes probing
the EoR (e.g., the Square Kilometer Array, the James Webb Space Telescope,
or the ESO Extremely Large Telescope; Dewdney et al. 2009; Gardner et al.
2006; Gilmozzi & Spyromilio 2007), and I provide in the two next sections
the theoretical background necessary to understand them.

1.2.1 EXPLORING THE PROPERTIES OF THE FIRST GALAXIES WITH
UV SPECTROSCOPIC OBSERVATIONS

Spectroscopy is a fundamental technique used in astronomy to explore
and constrain the properties of astronomical sources. It is based on the
measurement of the electromagnetic radiation emitted or absorbed by
molecules, atoms, and ions when they move between different energy
states. When observing a star, galaxy, or any other astronomical object,
we can characterize its spectra by dispersing its light over a sufficiently
large range of wavelengths, and in turn, investigate the spectral energy
distribution of the photons that have been produced and transited through
its environment along the line-of-sight to the observer. First applications
for spectroscopic astronomy were done by Joseph von Fraunhofer, Gustav
Kirchhoff and Robert Bunsen in the 1800s who captured and analyzed
the Sun spectrum (Fraunhofer 1817; Kirchhoff & Bunsen 1860). For an
extensive introduction to astronomical spectroscopy, we refer the reader to
the review from Massey & Hanson (2013).

UV and far-UV (FUV) spectroscopy relate to spectral observations
of the light within the wavelength range from 100 Å to 3000 Å. This
wavelength range is interesting for several reasons. First, as mentioned
above, the ionization potential of the neutral hydrogen is at 13.6 eV,
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which corresponds to a wavelength of 912 Å. Observing the light spectra
of stars and galaxies at wavelengths lower than 912 Å (composing the
Lyman continuum, LyC) enables one to probe the properties of the ionizing
photons escaping from the environment of the astronomical objects that
have emitted them (e.g. Borthakur et al. 2014; Izotov et al. 2016a).
Such an effort is critical for EoR-related studies that aim to understand
the impact of the first ionizing sources. Then, the UV and FUV ranges
are also interesting because most of the fundamental atoms (hydrogen,
carbon, oxygen, nitrogen) in the Universe have their primary transitions
(i.e., change in energy state) arising from the ground state within this
wavelength range. Hence, these observations are useful to determine the
chemical compositions of the interstellar medium (ISM) of galaxies, which
is also a crucial aspect in the exploration of the properties of the first stars
and galaxies (e.g., Stark et al. 2015, 2017; Berg et al. 2019, 2021).

In theory, investigating the propagation of the ionizing radiation during
the EoR is trivial if one can observe the spectra at wavelengths lower than
912 Å in the first galaxies that existed at very high redshifts (high-z). In
practice, this is more complex for several reasons. First, observing the
ionizing photons that have been emitted during the EoR is not feasible
because of the opacity of the IGM at these high redshifts. Hence, all the
ionizing radiation produced at this epoch has very likely been absorbed
before it could reach our telescopes. Nevertheless, this drawback can be
solved by using indirect diagnostics, enabling us to estimate the amount of
ionizing photons emitted without having direct observations. In particular,
the FUV and UV wavelength ranges contain several absorption and emission
line features (see Figure 1.6) that can be theoretically connected to the
physical processes governing the production and transmission of the
ionizing photons (Senchyna et al. 2017; Gazagnes et al. 2018; Katz et al.
2020). Among these indirect diagnostics, one powerful indirect indicator
is the Lyman-α transition, whose wavelength corresponds to the energy
required to excite the electron from the neutral hydrogen atom from the
lowest and second lowest energy levels. Lyman-α photons are resonantly
scattered as they travel through the neutral gas, i.e. they are constantly
being absorbed and re-emitted by hydrogen atoms, with each interaction
modifying the velocity of these photons depending on the velocity of the
neutral gas. Hence, this characteristic makes them powerful probes for the
H I gas properties (Verhamme et al. 2006; Dijkstra et al. 2006). In turn, the
constraints on the properties of the neutral gas provide valuable insights
into the transmission of ionizing photons (Verhamme et al. 2015, 2017;
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Dijkstra et al. 2016; Gronke et al. 2016, 2017; Kimm et al. 2019; Kakiichi
& Gronke 2019).

Hence, high-redshift UV and FUV observations can provide the insights
we need to answer some of the fundamental questions related to the EoR.
Yet, this is again not that simple. Because of the Universe’s expansion,
the light emitted by very distant objects is “stretched” (redshifted) as it
travels toward us, such that we observe it in a different wavelength range,
larger by a factor 1 ` z, from the one it was emitted from. For example,
to observe the UV light (2000 to 3000 Å) emitted by galaxies at redshift
1 («6 billion years after the Big Bang), we need to observe wavelengths
between 4000 and 6000 Å, which fall into the optical range. Similarly, to
observe galaxies that existed during the EoR, i.e. between redshifts „6–12,
we need observational facilities probing wavelengths between 14000 and
48000 Å (infrared range). Currently, we do not have observational support
with enough sensitivity to explore these redshifts (for a review on current
and upcoming observational facilities probing the EoR, see Cooray et al.
2019).

Figure 1.6: An example of FUV-UV spectrum (in black) for the galaxy
J0021+0052 from the COS Legacy Archive Spectroscopic SurveY (CLASSY).
The vertical color stripes show the different atomic and ionic transitions in the
wavelength range observed. Each transition allows one to extract important
insights about the properties of the stellar populations and interstellar medium in
the galaxy. Courtesy of Prof. Danielle Berg.

Upcoming large astronomical research experiments will solve this
lack of observational support. Ground-based telescopes such as the ESO
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Extremely Large Telescope (E-ELT, Gilmozzi & Spyromilio 2007), the Thirty
Meter Telescope (TMT, Skidmore et al. 2015), the Giant Magellan Telescope
(GMT, Johns et al. 2012), but also the imminent launch of the space-
based James Webb Space Telescope (JWST, Gardner et al. 2006) will
push back the frontier for UV and FUV spectroscopic observations during
the EoR up to z „ 10. Yet, a significant amount of preparatory work
must be done to understand how to optimally benefit from these unique
observations. In particular, as mentioned above, we must establish robust
indirect diagnostics to interpret these FUV spectra and determine the
amount of ionizing photons emitted by these high-redshift galaxies. To
achieve this, the scientific community has been searching for compact,
low-mass star-forming galaxies, with similar properties as high-redshift
galaxies, in the nearby universe (i.e., low redshift, z ă 0.5). Although
unsuccessful for a long time, recent efforts have identified tens of analogs
having a significant amount of ionizing photons escaping their ISM (e.g.,
Borthakur et al. 2014; Leitherer et al. 2016; Izotov et al. 2016a,b, 2018a,b,
2021; Östlin et al. 2021). These galaxies are ideal laboratories to explore
their ISM properties and establish a consistent theoretical framework that
will help us to interpret near-future high-redshift spectra provided by the
E-ELT, the GMT, the TMT, and the JWST. In Chapter 4, we investigate
the physical processes enabling the escape of both Lyman-α and ionizing
photons in nearby LyC emitting galaxies. This analysis provides crucial
insights for interpreting the forthcoming spectra of high-z galaxies enabled
by JWST, and for constraining the escape fraction of ionizing photons of
galaxies that might have reionized the Universe.

1.2.2 INVESTIGATING COSMIC REIONIZATION WITH 21-CM OB-
SERVATIONS

One other promising technique for studying the EoR is the observation of
the 21-cm line of the neutral hydrogen. This transition line radiation is
created by the spin-flip of the electron in the hydrogen atom that releases or
absorbs a small amount of energy, 10´6 eV, equivalent to an electromagnetic
wave of frequency 1420.4 MHz or a wavelength of 21 cm. Given the
small energy of this transition and its forbidden characteristic (it rarely
occurs), it is challenging to detect it. Nevertheless, when neutral hydrogen
is present in a very large quantity, the 21-cm signal should be strong
enough to be detected. This line was predicted by the Dutch astronomer
Hendrik Christoffel Van de Hulst in 1944 (Van de Hulst 1945), and then
observationally confirmed in 1951 with the first detection of a 21-cm
signal in the Milky Way (Ewen & Purcell 1951; Muller & Oort 1951). This
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detection raised great promises for investigating the EoR using 21-cm
observations.

The 21-cm signal emitted at „1.4 GHz during cosmic reionization
(z „ 6–12) is redshifted to a few hundred of MHz at most as it reaches
us, such that its observation requires facilities probing metre-long radio
wavelengths. Current generation of radio astronomical instruments are
based on interferometry. The latter technique is a measurement method
using the phenomenon of interference of waves to extract information.
Radio-interferometers are composed of several dishes or antennas that,
when their measured signals is combined coherently, act like a single
telescope. The first multi-element radio interferometer for astronomical
observations was developed by Martin Ryle in the 1950s (Ryle & Vonberg
1946), and his pioneer work in this field was awarded the Nobel Prize
in 1974. Radio-interferometry is a powerful but complex technique. Our
knowledge on it has significantly expanded over the past decades thanks
to the development of a new generation of radio-telescopes such as the
Low Frequency Array (LOFAR; van Haarlem et al. 2013), the Murchison
Widefield Array (MWA; Tingay et al. 2013; Bowman et al. 2013), the
Precision Array to Probe Epoch of Reionization (PAPER; Parsons et al.
2010) and the Giant Metrewave Radio Telescope (GMRT; Swarup et al.
1991), many specifically designed for high-redshift 21-cm observations.
In theory, with enough hours of observations, these instruments have the
sensitivity to detect the 21-cm fluctuations during the EoR, yet no detection
has been reported so far4. This is because, to achieve this, one must almost
perfectly calibrate the data and remove all the contaminating structures
up to a precision level larger than 10´4. Indeed, a percent-level amount of
residual contamination is enough to prevent the recovery of the EoR signal
(Pober et al. 2016). Part of this contamination comes from the instrument
itself (e.g., imperfect beam point spread function, cable reflections, or
the associated telescope noise; Wyithe et al. 2005), but most of it comes
from galactic and extra-galactic emission (e.g., stars, galaxies, synchrotron
emission) which are typically 2 or 3 orders of magnitude stronger than
the 21-cm signal (Di Matteo et al. 2004) and have to be subtracted from
the data. Importantly, most of these foregrounds have different spectral
structures than the 21-cm signal such that we can use these properties to
our advantage to remove them while preserving the 21-cm signal unaltered

4We note that a detection of the globally-averaged 21-cm signal during the EoR has
been reported in 2018 using the EDGES instrument (Bowman et al. 2018). However, this
detection is still actively discussed, and is based on a different approach than the one
discussed in the context of this thesis. Hence, we do not examine it here.
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(Morales & Hewitt 2004; Zaldarriaga et al. 2004).

Detecting the hydrogen 21-cm signal will provide unique insights into
the sources and IGM properties during reionization. To understand why, we
briefly introduce the analytical equation that connects the 21-cm emission
to the underlying astrophysical processes. In practice, the 21-cm emission
is modeled as a brightness temperature contrast, δTb in mK, proportional to
the 21-cm signal intensity and evaluated relative to the temperature of the
Cosmic Microwave Background. The equation that gives δTb is found to be
(Furlanetto et al. 2006):

δTb « 27p1´ xionqp1` δnq

ˆ

Hpzq
dvr{dr `Hpzq
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˙

ˆ

ˆ

1` z

10

0.15

Ωmh2

˙
1
2
ˆ

Ωbh
2

0.023

˙

mK. (1.3)

The detailed description of the individual terms in this equation is given
in Chapter 5, and we only detail here the key variables that enable the
astrophysical interpretation of 21-cm brightness temperature observations.
The δTb intensities are proportional to xion which is the fraction of ionized
gas in the Universe at a given z. Additionally, this temperature brightness
contrast depends on the ratio between the CMB temperature (TCMB) and
the spin temperature of the hydrogen atoms (TS). In practice, in the late
stages of reionization, TCMB is negligible compared to TS (Chen & Miralda-
Escudé 2004). In that post-heating regime, the term 1´ TCMB

TS
can be set to

1 and δTb becomes directly proportional to 1´ xion, the fraction of neutral
gas, and δn, the fluctuations of the matter density field. Consequently,
in theory, we can connect the absence of 21-cm signal (δTb “ 0) to the
presence of ionized gas5. Because stars, galaxies, or brighter sources
such as black holes, emit a substantial fraction of ionizing photons during
reionization, they impact the fraction of ionized gas, xion, in the IGM.
Therefore, observing the 21-cm emission during the EoR provides crucial
insights into the properties of the ionizing sources.

Currently, the first-generation of 21-cm experiments aims at measuring
the power spectrum (the distribution of the spectral power over different
scales) of the 21-cm intensities (Paciga et al. 2013; Patil et al. 2017; Barry
et al. 2019; Kolopanis et al. 2019; Mertens et al. 2020; Trott et al. 2020).

5In practice, because of recombination (electrons being recombined with hydrogen
ions), these regions might only be partially ionized.
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Figure 1.7: Simulated 21-cm power spectra at different reionization stages for
a certain reionization model. The legend shows the corresponding redshift and
fraction of neutral hydrogen in parenthesis for each curve. ∆2pkq is the 21-cm
power spectrum in mK2 and k the Fourier wave number characterizing the scale
of the 21-cm fluctuations (see text in this Section for more details). Figure from
Pober et al. (2014).

This 2-points correlation statistics requires a lower signal-to-noise ratio
per resolution element than for producing images and provides a robust
approach for exploring the evolution of reionization and the nature of the
ionizing sources. The morphology of the neutral gas distribution impacts
the 21-cm intensities observed at a given redshift and the magnitude of
these fluctuations on different scales gives the 21-cm power spectrum its
shape (Barkana 2009). Figure 1.7 shows examples of 21-cm power spectra
for a fixed reionization model, varying the fraction of neutral gas in the
Universe. The different power spectra are plotted as a function of k, the
Fourier wave number that characterizes the scale of 21-cm fluctuations
(small k corresponds to large scales, large k to small scales). Typically,
with the progress of the ionizing fronts as reionization progresses (i.e., the
neutral fraction in the Universe decreases), the 21-cm power shifts from
the small scales to the large scales. The exact shape and speed at which
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this transition happens depend on several astrophysical parameters related
to the sources and IGM properties. Hence, the observed 21-cm power-
spectrum can be used in turn to disentangle different reionization scenarios
with varying astrophysical parameters (e.g., reionization dominated by
faint or bright galaxies, see Mesinger et al. 2016) which is crucial for our
understanding of the physical processes governing the evolution of the
Universe during the EoR.

Figure 1.8: Simulated 21-cm image using the 21CMFAST code (Mesinger et al.
2011). The dark blue regions where δTb “ 0 are ionized (we consider the post-
heating assumption such that TCMB

TS
ăă 1, see Equation(1.3)). In Chapter 5, we

use such maps to analyze the number, volume, and morphological properties of
the ionized regions and explore how these statistics trace the properties of the
sources of reionization.

In Chapter 5 of this thesis, I investigate how one can accurately
constrain the astrophysics of reionization using an alternative approach
to the power spectrum. This proof-of-concept work explores the science
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that will be achievable with the near-future second-generation of 21-cm
telescopes. These radio-interferometers will have better sensitivity such
that, not only will we need less observing time to detect the redshifted
21-cm signal, but they will also enable us to create images of the 21-cm
fluctuations. This concept, known as 21-cm tomography (Madau et al.
1997; Mellema et al. 2013, 2015; Koopmans et al. 2015), provides a
powerful alternative approach to studying the evolution of the neutral
hydrogen during the EoR. Figure 1.8 presents an example of a simulated
21-cm image. As can be seen in this Figure, 21-cm tomography provides a
more intuitive way to explore the morphology and topology of the ionized
and neutral regions. Additionally, these images encode more information
than the power spectrum. This is because the power spectrum assumes
that the 21-cm signal is a Gaussian Random Field, but this signal is neither
Gaussian nor random (Mellema et al. 2006; Komatsu et al. 2009). Hence,
a larger amount of information can be extracted using approaches that
can quantify the non-gaussianities of the 21-cm signal (e.g., Watkinson &
Pritchard 2014; Shimabukuro et al. 2016; Gorce & Pritchard 2019; Giri
& Mellema 2020). We note that Figure 1.8 is a simulated image that
does not include any contamination based on the characteristics of the
observing instrument. Such quality of data will not be achieved with
any of the current or forthcoming 21-cm experiments. In Chapter 5, I
present more realistic examples of 21-cm maps based on the sensitivity
of the Square Kilometer Array (SKA, Dewdney et al. 2009; Mellema
et al. 2013, 2015; Koopmans et al. 2015). The SKA is a forthcoming
radio-interferometer that will consist (for the first construction phase)
of 197 parabolic dish-shaped radio receivers (SKA1-mid) and „131,000
antennas (SKA1-low), located in South Africa and Australia, respectively6.
It will be one of the largest astronomical research experiments of the next
decades. Its collaboration involves 14 countries (Australia, Canada, China,
France, Germany, India, Italy, New Zealand, Spain, South Africa, Sweden,
Switzerland, The Netherlands and the United Kingdom), several thousands
of engineers and scientists, and will face several Big Data challenges
(Dewdney et al. 2009). The estimated amount of data collected per day
will be around 1.5 Petabytes (103 Terabytes), which corresponds to „3
Zettabytes (109 Terabytes) per 10 years7.

The work conducted in Chapter 5 builds upon the computational
tool developed in Chapter 2 and Chapter 3 to extract and analyze

6https://www.skatelescope.org/wp-content/uploads/2018/08/16231-factsheet-
telescopes-v71.pdf

7https://www.skatelescope.org/news/raeng-grant-to-engage-with-ska-engineering/
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the morphological pattern spectrum of the ionizing regions in 21-cm
tomographic image-cubes. Additionally, it connects this tool to a Bayesian
statistical inferential approach in order to quantify the astrophysical
constraints set by statistics extracted from 21-cm tomographic observations
based on the expected sensitivity of the SKA1-low.

1.3 HIGH-ENERGY PARTICLE COLLISIONS

Section 1.2 presented current astrophysical questions related to the Epoch
of Reionization and how upcoming vast astronomical research experiments
will provide crucial insights to answer them using the image-processing
tool developed in Chapters 2 and 3. In this section, we provide a similar
introduction for the physics governing the infinitely small scales, i.e., the
subatomic physics. To better understand the modern challenges in this
field, it is convenient to provide a quick historical overview of the progress
achieved in the recent years.

The idea that matter is made of small elementary particles existed
already more than two thousand years ago. However, the experimental
exploration of the subatomic world only really started during the 20th

century. In fact, it began in 1897 with the discovery of the electron by
Joseph Thomson (Thomson 1897). Rapid advances happened in the 1910s
with several experiments shedding new light on the nuclear structure
of atoms. At that time, this structure was compared to a Solar system
model where most of the atom’s mass and charge was assumed to be
concentrated within a central nucleus with electrons circulating around
it. Several physicists made significant discoveries in this direction, among
them Albert Einstein, Niels Bohr, or Ernest Rutherford (Einstein 1905; Bohr
1913; Rutherford 1913). The latter experimentally established in 1918 that
the nucleus of the hydrogen atom was a positively charged particle, which
was named the proton (Rutherford 1923). Rutherford also predicted the
presence of neutral particles, the neutrons, that were in turn discovered in
1932 by James Chadwick (Chadwick 1932).

At that time, to push the exploration of the properties of the
fundamental particles further, scientists and engineers had to design
increasingly more complex experimental setups. They conceived the
first particle accelerators, a series of machines enabling high-velocity
(hence high-energy) particle collisions. Typically, particle accelerators
use electromagnetic fields to accelerate charged particles that are then
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focused in beams and either projected on a target or against another
beam of particles. The destructive collisions “create” other particles in
turn. The first high-energy accelerator experiment is attributed to Sir John
Douglas Cockcroft and Ernest Thomas Sinton Walton who achieved the
first transmutation of atomic nuclei using artificially accelerated atomic
particles (Cockcroft & Walton 1932, their work was awarded the Nobel
Prize in 1951).

Major advances based on accelerator experiments were established
after the 1960s. Among them the discoveries of quarks (Bloom et al.
1969; Breidenbach et al. 1969), fundamental components of protons
and neutrons, which went in tandem with the establishment of a novel
theoretical framework, that of the quantum field theory, to quantify
the interactions of these fundamental elements at extremely small
scales. In the 1970s, scientists collected enough knowledge to define
a consistent theoretical model encompassing all the subatomic particles
and interactions. This model can be seen as the equivalent of the Big Bang
theory for the Universe and is known as the Standard Model of particle
physics (for a complete historical review on the rise of the Standard Model
in particle physics, see Hoddeson et al. 1997). It describes the properties
of the fundamental components of matter and the forces that rule their
interactions. The Standard Model is defined by an ensemble of complex
equations, but its functioning is both remarkably simple and extremely
powerful. Its theoretical predictions have been going from success to
success with astonishing precision (for a global overview, see Tanabashi
et al. 2018). The last major discovery to date is the Higgs Boson, the
existence of which was predicted in 1964 (Higgs 1964; Englert & Brout
1964; Guralnik et al. 1964), and established experimentally in 2012 (Aad
et al. 2012; Chatrchyan et al. 2012).

Figure 1.9 presents a summary of the main fundamental particles
discovered up to today. The discovery of the Higgs Boson is the
perfect example of the challenges particle physics are facing today.
Further extending the knowledge frontier of subatomic physics requires
larger, more complex particle accelerators with very high intensities and
interaction rates and a significant amount of time. This is because, aside
from trying to discover new elementary particles, novel particle collision
experiments also focus on improving our understanding of the mechanisms
that bind elementary particles together. For example, two important efforts
are related to the exploration of the interactions between quarks and gluons
to make hadrons such as neutrons and protons (which is referred to as
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Figure 1.9: An overview of the main discoveries in particle physics (credit: The
Economist8). The existence of almost all particles in this figure was predicted
before they were discovered experimentally. Nowadays, tightening our knowledge
of the properties and interactions of fundamental particles requires extremely
complex accelerator experiments with very high intensities and interaction rates.

the Quantum Chromodynamics theory) or the mechanisms that give mass
to fundamental particles. Typically, to progress on these aspects, we look
for exotic, rarer states of hadronic matter, and the cross section for the
production of these states is often small. Hence, the probability that these
particular states appear in accelerator experiments is low. As a comparison,
the Higgs Boson was discovered using the Large Hadron Collider9 (LHC),
which was, at that time, using particle experiments with no less than
600,000 particle collisions per second. Only one in 1013 of these collisions
may contain a Higgs Boson. Hence, to observe new elementary particles or
exotic particle states, we need a gigantic number of particle collisions to
get a significant detection.

8https://www.economist.com/graphic-detail/2012/07/04/worth-the-wait
9https://home.cern/science/accelerators/large-hadron-collider
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The next generation of particle accelerators will operate at extremely
high interaction rates enabling us to set tighter constraints on the
properties of fundamental particles. However, these cutting-edge research
experiments will face extensive data processing challenges. In this thesis,
I focus on the upcoming antiProton ANnihilation at DArmstadt detector
(PANDA, shown in Figure 1.10; Ketzer 2006; Barucca et al. 2021) at the
Facility for Anti-proton and Ion Research (FAIR, Durante et al. 2019) that
will study interactions between protons or nuclei and antiprotons. PANDA
aims to operate at interaction rates up to 2 ˆ 107 collisions per second,
such that the data flow will be higher than 200 Gigabytes per second.
Storing this amount of fast data is not feasible and it must be pre-processed
online. Modern particle experiments use an in-situ event selection system
(where an event refers to a single interaction) that decides in real-time
whether to discard or keep the data. These systems typically combine both
simple and complex decision algorithms to enable the data to be stored if
certain criteria have been met. It is important to note that the data that
is discarded is lost forever. Hence, trigger-systems must be efficient in
selecting the relevant interactions. In-situ event selection often involves
track reconstruction algorithms to identify the particle trajectories in real-
time. In turn, the results of these fast reconstruction procedures can be
used to select events that (may) contain the desired particle states.

Online track reconstruction systems are required by construction to
be fast to match the data flow from the detectors. They are typically
characterized by three aspects:

• their efficiency: the fraction of real tracks that have been correctly
identified,

• their purity: the ability to identify real tracks and discard false
positives,

• their computational speed.

All three characteristics are intrinsically (anti-) correlated. Indeed, an over-
simplistic algorithm will be quite fast but at the expense of its efficiency
and purity. On the contrary, highly complex methods designed to perform
a very accurate track reconstruction might suffer from their computational
complexity that will penalize the user with large processing times. Hence,
there must be a balance between these three characteristics. Real-time
reconstruction algorithms are not expected to be perfect but must perform
sufficiently well to pre-select a large fraction of interesting events. Then, the
remainder of the analysis can be refined offline using more complex track
reconstruction methods enabling scientists to derive tighter constraints on

27



1

1. INTRODUCTION

Figure 1.10: Layout of the PANDA detector. This experiment, currently under-
construction, aims at studying collisions of anti-proton with proton and nuclei
collisions using very high interaction rates. This figure is adapted from Erni et al.
(2013).

the properties of the particles observed in these events.

Chapter 6, the last scientific chapter of this thesis, presents an efficient
and fast algorithm for track reconstructions, enabling a fast decision
process for discarding or storing the information on the fly. It is specifically
designed for the Straw Tube Tracker that will be built as part of the PANDA
experiment.

1.4 THESIS OVERVIEW

The thesis has the following outline:

Chapter 2 and Chapter 3 present a novel computational tool based
on recent Mathematical Morphology techniques called component trees.
Importantly, its implementation has been massively parallelized using
a hybrid strategy that combines the advantages of both shared- and
distributed-memory architectures. Overall, this tool is suited for extraction,
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filtering, and multi-scale analyses of the morphological properties of
connected structures in vast two and three-dimensional data sets. The first
implementation of this method has been published in the International
Journal for Pattern Recognition and Artificial Intelligence in 2019 (Gazagnes
& Wilkinson 2019), and a second improved version has been published in
the journal IEEE Transactions for Image Processing in 2021 (Gazagnes &
Wilkinson 2021).

Chapter 4 and Chapter 5 each present a different aspect of exploring
the physical processes governing cosmic reionization using current and
upcoming telescopes. Chapter 4 focuses on the exploration of UV
spectroscopic observations of nearby star-forming galaxies with similar
properties as high-redshift ones. It connects the neutral gas properties
to the escape of Lyman-α and ionizing radiation that is observed in
these systems, which is of critical importance for forthcoming EoR-related
analyses with ground-based large telescopes and with the James Webb
Space Telescope. This work has been published in the journal Astronomy &
Astrophysics in 2020 (Gazagnes et al. 2020).
Complementary, Chapter 5 focuses on the analysis of 21-cm tomographic
observations in order to explore how the number, volume, and morpho-
logical properties of the ionized regions (extracted using the method
presented in Chapter 2 and Chapter 3) trace the properties of the sources
of reionization. It provides valuable insights for the science enabled by the
upcoming Square Kilometre Array that will be one of the largest telescopes
of the next decades. This work has been published in the journal Monthly
Notices of the Royal Astronomy Society in 2021 (Gazagnes et al. 2021).

Chapter 6 presents a novel algorithm to perform real-time particle track
reconstruction based on the Straw Tube Tracker in the forthcoming
PANDA experiment that will operate at extremely high data rates.
Accurately reconstructing the particle trajectories enables one to derive
their properties, which, in turn, can be used for discarding/storing
specific events on the fly during high-energy particle collisions. A paper
summarizing the results presented in this chapter is in preparation and will
be submitted to The European Physical Journal A.

Finally, Chapter 7 summarizes the outcomes of this thesis and presents
future prospects.
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