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Abstract

With the help of radio interferometry, humanity can probe the universe at the highest resolutions
possible, enabling in-depth studies of the physical processes driving the known cosmos. In recent
years, the need for an increased automatization of the analysis pipelines in radio interferometry
arose, mainly due to the increased data rates of the currently used and the planned generation
of radio interferometers. In several areas of science, this increased automatization is handled by
deep learning techniques, namely neural networks. In this thesis, I introduce a comprehensive
analysis pipeline comprising physics-based radio galaxy simulations and the analytical simulation
of the measurement process of radio interferometers. Furthermore, several deep learning models
are trained to reconstruct the simulated incomplete observations to obtain a cleaned version of
radio galaxies. Utilizing several evaluation metrics, the training process is adapted and improved
with regard to the goal of reconstructing a protoplanetary disk from the Disk Substructures at
High Angular Resolution Project (DSHARP) data set. Additionally, the neural network approach
is extended to include the estimated uncertainty of the prediction. Finally, I present a neural
network-based reconstruction of the protoplanetary disk “Elias 24”.

Zusammenfassung

Mit Hilfe der Radiointerferometrie kann die Menschheit das Universum mit der héchstmdoglichen
Auflésung erforschen, was tiefgreifende Studien der physikalischen Prozesse ermdéglicht, die den
bekannten Kosmos antreiben. In den letzten Jahren ist der Bedarf an einer verstédrkten Automa-
tisierung der Analysepipelines in der Radiointerferometrie entstanden, vor allem aufgrund der
erhohten Datenraten der derzeit verwendeten und der geplanten Generation von Radiointerfe-
rometern. In verschiedenen Bereichen der Wissenschaft wird diese verstarkte Automatisierung
durch Deep-Learning-Techniken, insbesondere neuronale Netze, bewéltigt. In dieser Arbeit stelle
ich eine umfassende Analysepipeline vor, die sowohl physikalisch basierte Simulationen von
Radiogalaxien als auch die analytische Simulation des Messprozesses von Radiointerferometern
umfasst. Dariiber hinaus werden mehrere Deep-Learning-Modelle trainiert, um die simulierten
unvollstdndigen Beobachtungen zu rekonstruieren und eine bereinigte Version der Radiogalaxien
zu erhalten. Unter Verwendung verschiedener Bewertungsmetriken wird der Trainingsprozess
angepasst und im Hinblick auf das Ziel der Rekonstruktion einer protoplanetaren Scheibe aus
dem DSHARP-Datensatz verbessert. Zusétzlich wird das neuronale Netz erweitert, um die
Unsicherheit der Vorhersage zu schétzen. Schliefllich stelle ich eine auf einem neuronalen Netz
basierende Rekonstruktion der protoplanetaren Scheibe ,Elias 24 vor.
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Introduction

The universe is an enormous, vast, and largely unexplored space. In the search for the origins
of life and the cosmos itself, astronomy has played a pivotal role for quite some time. Utilizing
different wavelengths, various experiments both on Earth and in the atmosphere, and multiple
decades of measurement time, humankind is trying to study the universe at even greater distances.
In recent years, advances in the field of computer-based analyses have enabled the combination of
observations at different wavelengths for the same cosmic event or source. This technique opened
up entirely new perspectives of previously studied objects and led to new discoveries and deeper
insights into critical physical processes. Especially radio interferometry acts as a cornerstone for
such analyses due to its high resolutions and the permeability of the atmosphere in the range of ~
1mm to 10 m wavelengths. The requirements for a successful contribution to a multiwavelength
analysis include a reproducible analysis, which can be carried out on a short timescale. In several
areas of science, these requirements are met by applying methods from the field of deep learning.
Another advantage of using deep learning algorithms gains relevance with regard to planned
interferometers like Square Kilometre Array (SKA) [27] or next-generation Very Large Array
(ngVLA) [75]: The proposed high data rates will require some form of automated analysis, which
neural networks can perform. Thus, this thesis aims to provide a comprehensive, automated
analysis pipeline that utilizes neural networks to reconstruct radio interferometer observations.
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Figure 1.1: Overview of the analysis pipeline utilized in this thesis. The green
parts take place in image space, while the orange parts are carried out in Fourier
space.

The analysis pipeline created for and utilized in this thesis is visualized in Figure 1.1. It
propagates from left to right and is divided into parts that take place in image space (green)
and Fourier space (orange). The pipeline starts with the radio galaxy simulations, which can
be any cosmic source visible in the radio regime. Then, the measurement process of a radio
interferometer is simulated using an analytical description called the Radio Interferometer
Measurement Equation (RIME), which is based on Jones matrices [58, 46]. The data simulated
by that algorithm is located in Fourier space. After some processing steps, said data is split into
training, validation, and test data sets in order to train a neural network model for the task of
reconstructing the simulated data in Fourier space. As the last step, the reconstruction capability



1 Introduction

of the trained model is evaluated both in Fourier and image space using several techniques; for
example, it is examined whether the reconstructed flux densities and the source structures match
the simulated ones. In the following chapters, each part of the analysis chain will be elaborated
in detail. Parts of the ideas and results presented in this thesis have been published in Astronomy
& Astrophysics [39)].

In earlier work [100, 97], the foundations for using neural networks to reconstruct radio
observations were laid, and important initial findings were made. Two-dimensional Gaussian
distributions were positioned on a two-dimensional grid in order to create naive first simulations
of radio galaxies. Furthermore, the measurement process of a radio interferometer and the
resulting gaps of missing information were mimicked by generating Boolean masks, which were
applied to the Fourier-transformed Gaussian distributions. Additionally, different architecture
types were tested, and the first approaches to an uncertainty estimation were investigated. In
this thesis, I want to improve upon and expand these ideas as well as present new approaches.

For this purpose, the analytical description of the measurement process of a radio interferometer,
the RIME [102], is combined with approaches from the field of deep learning, Super Resolution
Residual Networks (SRResNets) [(G6], among others, in order to form an analysis pipeline
and to reconstruct interferometric measurements. Different types of cosmic sources and radio
observatories are used for the simulations, as well as various techniques from the area of machine
learning. In , the basics of radio interferometry and the mathematical foundation of
the physics-based interferometric measurement simulations are described. Additionally, radio
observatories that are significant for this work are introduced. focuses on the theory
of machine learning and deep learning techniques utilized in this thesis. In detail, Convolutional
Neural Networks (CNNs) are explained. The radio galaxy simulations and radio interferometer
simulations are established in . Next, the architecture and other specifics of the
neural network model are specified in . Furthermore, example reconstructions and loss
curves are shown for selected models. The more in-depth evaluation of said models takes place
in . For this, various methods are introduced and utilized, for example, examining
the source area or the Multi-Scale Structural Similarity (MS-SSIM) index. As an additional
feature, the trained neural network models are also enabled to estimate the uncertainty of the
reconstruction, which is described in . The previous chapters’ results and knowledge are
then combined to reconstruct interferometric measurements observed for the DSHARP, presented
in . Finally, the summary of this thesis and future plans are listed in



2.1

Modern Radio Astronomy

In modern astronomy, the combination of measurements with different wavelengths and observa-
tories both in space and on Earth is becoming increasingly popular, among others, due to the
advancing digitalization of measurement and analysis techniques. Radio astronomy plays a vital
role in such campaigns due to its high-resolution measurements, e.g., in the multi-messenger
follow-up observations of a binary neutron star merger event in 2017, which was triggered by the
detection of gravitational waves [1]. This chapter explains the theory of modern radio astronomy
and the implementation of the software used to simulate radio observations. In , the
basics of radio interferometry are described using the RIME. The implementation of the RIME
used for this work is elaborated in . In addition, two pairs of radio observatories and
cosmic sources that are important for the context of this work are presented in and
, respectively.

Basics of Radio Interferometry

The probably most fundamental equation of radio interferometry is also the reason for the high
resolutions achievable when utilizing interferometry techniques: the Rayleigh criterion [69]
A

O~122-%. (2.1)
It states that the angular resolution ©, i.e., the minimal distance for which two separate objects
are still distinguishable, is minimized if either the observing wavelength A gets smaller or the
diameter of the collecting area D is increased. Since the range of possible wavelengths is limited
to a range of mm to m, the easiest way of minimizing © in (2.1) is to increase the diameter D.
Experiences like the collapse of the 300-foot telescope in Green Bank, West Virginia, in 1988
[79] showed that the collecting area of a single-dish telescope is also limited due to technical
reasons. Thus, the idea was to combine two or more radio antennas to form an array and combine
the signals using methods from interferometry. In 1946, Ryle and Vonberg designed the first
radio interferometer consisting of two antennas [93]. Especially with the invention of Very Long
Baseline Interferometry (VLBI) in the 1970s [20], the limits of angular resolution were shifted
again. By combining multiple antennas with distances of several thousand kilometers, angular
resolutions down to milliarcseconds are possible, e.g., with the Very Long Baseline Array (VLBA)
[76]. These high resolutions come at the cost of sparse data coverages due to the limited number
of antennas [74].

The theoretical concepts of radio interferometry can be best described by combining the
explanations from Smirnov [102] and Noordam [78] while utilizing the RIME. Furthermore, the
following paragraphs in this section are also based on the descriptions of Thompson et al. [106].
For a better understanding of the dimensionalities, vectors are symbolized using a vector arrow
Z and matrices using bold symbols X.

Initially, it is assumed that the signals are quasi-monochromatic and that the source is distant
enough to consider plane waves. These assumptions are commonly made in radio interferometry.
Also, for the sake of simplicity, the number of antennas is restricted to two. However, the
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concept is easily expandable to more than two antennas because a radio interferometer array
acts as multiple two-interferometer pairs. Then, the signal of a single point source fulfilling the
assumptions from above emits a complex electromagnetic signal corresponding to

= <‘Zz> (2.2)

in a (x,y, z) coordinate system, with z pointing in the direction of the source. In order to describe
the effects influencing the signal on its way to the receivers of the antennas, the Jones calculus
[58] with its Jones matrices J [10] is used. Arriving at the antennas, the receiver converts the
signal € to a complex voltage v defined as

= (“1> = Jé, (2.3)

Uy

resulting in ¥, and ¥, for the two antennas p and g. Since the signal is received at two spatially
separated locations, it needs to be correlated. For this scenario, this leads to four pairwise
correlations, which define the so-called visibility matrix V,,,

v U VU

V,, =2 (< Pt gl> (v g2>> =2 (v,5l) . (2.4)
<Up2vq1> <Up2vq2>

Here, (-) corresponds to an averaging over time and frequency, ¥* denotes the complex conjugate

of ¥, and ¥ marks the conjugate transpose. Utilizing the definition of the visibility matrix (2.1)
and the introduction of the brightness matrix B

o (lesen) (ewep)) _ (I+Q Ui
B=2 <<eye’;> <eyez> “\U—-iV T-Q )" (2.5)
the basic RIME can be stated as
V,,=2(J,(€e") 3l =3,BI. (2.6)

The brightness matrix B in (2.0) corresponds to the brightness distribution of the sky and are
directly correlated to the Stokes parameters I, @,V and U [71, 45].
The coordinate systems in which the equations above operate are illustrated in

The two antennas p and ¢ have a spatial distance called the baseline b. Each baseline corresponds
to one visibility in the Fourier space. The section of the sky to be observed operates in a (m,
n, 1) Cartesian coordinate system with n pointed at the observer. Because of the long distance
between the observer and the source, the signal is assumed to arrive as a plane wave. Due to
the baseline B, the signal has to propagate different geometric path lengths in order to reach
both antennas. This creates a phase delay 7,, which has to be corrected for. Thus, the (u, v, w)
coordinate system is defined, where w is pointed to the source and the (u,v) plane features the

corrected, projected baseline b By definition, the (u,v) plane is parallel to the plane wave

proj-
coming from the source. Both coordinate systems (m, n, [) and (u, v, w) are direction cosines

[107].

Next, it is shown how the fundamental equation of radio interferometry, the van Cittert-Zernike
theorem [108], which describes the relation between the measured signal and the observed sky,
is associated with the RIME. For this, the basic RIME in (2.6) has to be extended in order to
consider more occuring effects. First, the phase delay 7, needs to be represented, as it arises
for every measurement and every single antenna pair, as illustrated in . The phase
delay is expressed in relation to a so-called phase center, introduced by the correlator during
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Figure 2.1: Visualization of the different coordinate systems used in radio in-
terferometry. A cosmic source in a (m, n, [) coordinate system is observed by a
two-antenna interferometer with the antennas p and ¢, which have the baseline b.
Here, the n axis is pointed to the observer. Due to the spatial distance between
the antennas, the assumed quasi-monochromatic signal arrives with a phase delay
7, at antenna ¢. Thus, the baseline b is adapted, resulting in the projected baseline

Bproj in the antenna’s coordinate system (u, v, w) with the (u,v) plane parallel to
the plane wave coming from the source. The w axis is perpendicular to said plane
wave. Both coordinate systems (m, n, [) and (u, v, w) are direction cosines [107].
Source image taken from [33], schematic from [97].
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an observation, and is set to (u,v) = (0,0) for this example. If the antenna p is located at
t, = (u,,v,,w,), the phase difference k, at point i, relative to the phase center is given by

k, = 2\t (upl + v,m +w,(n—1)) . (2.7

Here, the coordinates (I, m,n = V'1 —[2 — m?2) are the direction cosines of the signal direction &
and A is the signal’s wavelength. Because it is conventional to express % in units of wavelength,
the wavelength term in (2.7) can be dropped. Since the phase difference in (2.7) is a linear
transformation of the signal, a scalar Jones matrix constituting the phase delay
Kp — o ikp — e—27ri(upl+vpm+wp(n—l)) (28)
can be introduced. Thus, the RIME for a single point source without any corruption effects is
defined as
_ H
V,, = K,BK; . (2.9)

Of course, corruption effects occur during a radio observation. Each considered effect is
represented by its own Jones matrix, creating a so-called Jones chain. These effects can be split
into two basic categories:

o The source- and direction-independent effects G, which are the same for all sources and
all directions, for example, effects at the antenna, such as the electronic gain

e The source- and direction-dependent effects E_ , which vary for each observation and

Sp’
include, for example, atmospheric corrections

Also, the observed sky features not only one but many point sources. Thus, the basic RIME
is adapted to the contribution of multiple point sources and corruption effects. Each source s
contributes with its own phase delay J,, = K, to (2.9), and since these contributions can be
linearly added, (2.6) becomes

H H
qu = Z JSPBSJSL] Z Ksszqu . (210)

Furthermore, if the source-dependent and -independent effects are also taken into account, J,

becomes a chain of Jones matrices
Jop=G,E K, , (2.11)

resulting in (2.10) extending to
HpHoH HypH
V,,=> GE K BKIEIG! = (Z E, K, BK!E! ) GH (2.12)

Equation (2.12) now can be related to the van Cittert-Zernike theorem by applying the
following steps:

e Generalizing the sky consisting of point sources to a sky of continuous brightness distribu-
tion B(d), where & is the unit direction vector. This integration over all directions results
in a spherical, three-dimensional integral

o Transforming said spherical integral onto the (I, m) plane tangential at the field center
using a sine projection, thus changing the dimensionality of the integral from three to two

o Substituting the non-coplanarity term of the integral into the direction-dependent matrices
of the Jones chain. This helps to identify a part of the equation as a two-dimensional
Fourier transformation, which is the central part of the van Cittert-Zernike theorem
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2.2 Implementation of the RIMFE

After conducting these steps, the resulting full-sky RIME looks like this:

V,, =G, (/l/m E,(1,m)B(l,m)E,(I,m) exp (—2mi [u,,l + v, m])dldm> G/ (2.13)

The main conclusion of (2.13) is that the brightness distribution B(l,m) is connected to the
measured visibilities V,  of the antenna pair pq via a two-dimensional Fourier transformation,
which is the primary statement of the van Cittert-Zernike theorem [108].

Since each baseline corresponds to one complex visibility in the (u,v) space, the number of
baselines is crucial for coverage of the (u,v) space. As mentioned before, the number of radio
antennas per observatory is limited; thus, the coverage is sparse. Due to Earth’s rotation, which
alters the projected baseline shown in over time, the corresponding visibilities slightly
change during a designated observation period. This way, different, neighboring parts of the
(u,v) space are sampled during an observation with the same baseline, leading to improved
coverage. However, parts of the (u,v) space cannot be sampled, e.g., due to the layout, which
results in missing information. This missing information creates artifacts and noise after applying
the Fourier transformation, producing a so-called dirty image, which is not suitable for physical
analysis. Thus, the need for cleaning or reconstruction of the missing information in the (u,v)
space arises, which will be performed by neural networks in this thesis.

Implementation of the RIME

As explained in , the RIME produces complex visibilities. However, before they can
be analyzed by established imaging software like the w-Stacking Clean (WSCLEAN) algorithm
or the neural network-based approach presented in this thesis, several data processing steps need
to be applied, which will be summarized in the following paragraphs.

In general, data measured by radio interferometers needs to be calibrated to account for,
e.g., different antenna gains [36, 89]. For all data produced by the RIME in this thesis, the
calibration is omitted. The reason is that the sky simulations used as input for the RIME in

and are assumed to be calibrated. Also, the RIMEs do not feature any
Jones matrices connected to calibration. Thus, when applying the trained models to measured
radio interferometer data, it needs to be kept in mind that this data needs to be fully calibrated
for the network to be able to reconstruct the missing information.

Furthermore, the data generated by the RIME is stored in a particular format, the Flexible
Image Transport System (FITS). This data format was designed specifically to serve the needs
of interferometer sky surveys. In order to be able to analyze RIME-generated data not only with
neural networks but also with established software, the complex visibilities are saved using a
FITS-writer implemented according to the Astronomical Image Processing System (AIPS) Memo
117 [43].

Eventually, one last step is necessary before the data is prepared to be fed to the analysis
pipelines: the gridding [19]. This method arranges the irregularly spaced data into an evenly
spaced grid. In particular, this offers the advantage that a Fast Fourier Transformation (FFT)
can be used instead of a Discrete Fourier Transform (DFT) to perform the Fourier transformation
required for the established software. Especially for grid sizes of 2", the FF'T outperforms the
DFT in both computation time and cost [33]. There are multiple approaches to gridding, for
example, the convolutional resampling used by WSCLEAN [84]. However, for this thesis, a
binning approach using a two-dimensional histogram was chosen for simplicity. More details
about the gridding performed for this work are described in

All RIME simulations presented in this thesis are produced using the pyvisgen [98] package.
It features a GPU-accelerated implementation of the RIME with multiple modifiable parameters,
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e.g. the antenna layout, in order to simulate a radio interferometer observation. Furthermore, it
is possible to consider the effects of different types of corruption. Because it is assumed that
the input data for the RIME is calibrated, only direction-independent effects are considered.
Additionally, the integral in (2.13) is discretized because the sky distribution B(l,m) is an image
consisting of discrete pixels. Thus, the RIME implemented in pyvisgen is defined as:

Voo = Y B (Lm)K, (Lm)B(, m)K (L m)Eg (1, m) (2.14)
l,m

K, ,(I,m), defined in (2.5), accounts for the phase delay, while E, ,(I,m) encodes the direction-
independent antenna beam, which can be expressed as

J
E, ,(l,m) = jinc (Q%d . Glm) , with jinc = 19(:7) .

(2.15)

Here, d corresponds to the antenna diameter, 6,,, marks the angular distance between the
pointing position and the source structure, and J; (x) is the Bessel function of the first kind [14,

]. A stands for the observing wavelength. A visual representation of K, ,(I,m) and E, ,(I,m)
is shown in and , respectively. For this work, the data is assumed to be

unpolarized. Thus, the generated visibilities are consistent with Stokes I.

Radio Interferometry Arrays

In this thesis, data from different radio observatories is used. In the following, a brief introduction
to the Karl G. Jansky Very Large Array (VLA) and the Atacama Large Millimeter /submillimeter
Array (ALMA) is given.

VLA

The VLA consists of 27 25 m-antennas arranged in a Y shape. It is located on the plains of
San Augustin in New Mexico and designed to map the sky at wavelengths of 0.01 m to 0.1 m.
Furthermore, it reaches a sensitivity of approximately 100 pJy and maximal resolution of 0.01”
[109]. A particular feature of the VLA is the movable antennas, which are mounted on rails.
This way, it is possible to vary the distances between the telescopes, thus impacting the number
of longer and shorter baselines. There are four configurations, with A being the one with the
longest and D the one with the shortest baselines. The configurations are periodically cycled
trough with a period length of 16 months [30]. An overview of the arrangement of the antennas
is shown in . Currently, a successor experiment called ngVLA is planned, which is
proposed to be built at the site of the VLA and is expected to improve both sensitivity and
spatial resolution by a factor of 10 [75].

ALMA

In this thesis, also data taken by the ALMA telescopes is analyzed. The array is located in
the Atacama desert in Chile at an elevation of 5000 m. Due to the very high and dry location,
disturbance effects like water vapor are minimal. There are 192 antenna foundations for 66
antennas, as visible in . Thus, the layout and the baseline length are variable. The
length of the baselines ranges from a few meters to a maximum of 18km. [118]

Due to the discovery of multiple molecules in the interstellar medium, concepts for interfer-
ometers capable of operating in the millimeter regime were developed. ALMA was one of the
proposed projects to be funded and is capable of measuring in the range of 31 GHz to 950 GHz
[118]. The reason why ALMA was chosen for this thesis is its DSHARP measurements. For
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Figure 2.2: Aerial overview of the VLA. The antennas are mounted on rails and
arranged in a Y formation. [32]

Figure 2.3: An overview of the Chajnantor Plateau in the Atacama desert in
Chile. Several of the 66 antennas and 192 antenna foundations can be seen. The

antennas can be repositioned to vary the interferometer layout and baseline lengths.
[24]
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this project, 20 protoplanetary disks were observed and analyzed. Due to the relatively simple
yet variational appearance of these disks and the public availability of the data, the DSHARP
observations were chosen as a simulation foundation. The final goal is to train a neural network
with simulated protoplanetary disks and reconstruct the measured interferometer data with said
network. The simulation process is explained in Section 4.2, while the training and reconstruction
are examined in Chapter 8.

Figure 2.4: The ALMA telescopes by night. The small and the large Magellanic
clouds are visible in the center of the image [34].

Observation Objectives

There are many cosmological sources or events that produce radio emissions, which are subject
to radio interferometry investigations, such as neutron stars [110], gamma-ray bursts [38] or
black holes [105]. Due to reasons explained below and in Section 4.1 and Section 4.2, Active
Galactic Nuclei (AGN) and protoplanetary disks were selected to be examined in this thesis.
The following subsections give an insight into the theory of the two cosmological objects.

AGN

AGN are among the most interesting and most studied objects in the Galaxy. They are visible
in the entire spectrum of electromagnetic radiation, oftentimes the brightest objects visible
in certain wavelengths. Furthermore, they act as large particle accelerators because the core
component of an AGN is a supermassive black hole in the center of a host Galaxy. This black
hole is accreting matter from the host Galaxy, forming a hot accretion disk and an enclosing
dust torus. Additionally, this results in particle outflows called jets [3]. A visualization of the
structure is shown in Figure 2.5.

Since the core and the jets are the most noticeable emission regions of AGN in the radio
regime, brightness differences are indicated by the classification scheme of Fanaroff and Riley.
If the core of the AGN is brighter than the jets, the Galaxy is classified as an Fanaroff-Riley
Class I (FRI). If the core appears faint and the jets or lobes are intensively visible, the Galaxy

10
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Supermassive
black hole

Dust torus

Jet

Accretion disk

L 4

Figure 2.5: Artistic design of a AGN. The supermassive black hole in the center
is surrounded by an accretion disk, which in turn is enclosed by a dust torus.
Perpendicular to the axis of the accretion disk, jets emerge from the black hole.
Image taken and adapted from [95].

11



2.4.2

2 Modern Radio Astronomy

qualifies as an Fanaroff-Riley Class IT (FRII) [36]. There are other classification types of AGN
based on the orientation of the jet relative to the observer’s line of sight [112, 77]. However, they
are omitted since they are not relevant to this thesis. Furthermore, some AGN appear to feature
only one jet, which is impossible due to symmetry reasons. This effect is based on the relativistic
boosting of the jet and the observation angle. If one jet points in the vicinity of the observer’s
line of sight, the particles in the jet experience a high relativistic boosting and thus produce high
emissions. However, the counter-jet is boosted away from the observer, and thus, the emission
from this jet is hard to measure, resulting in a AGN with seemingly just one jet [18].

The main reason for emission in radio wavelengths stemming from AGN is the synchrotron
radiation of relativistic electrons. These electrons are boosted to relativistic speeds inside the jet
and deflected by magnetic fields, resulting in energy losses by synchrotron emission perpendicular
to their velocity [32, 11]. The most commonly used models of relativistic jets and the physical
processes inside them were devised by Blandford and Koénigl [12, 63] and state that the stable
extension of those jets can reach distances of kiloparsecs. Furthermore, their shape resembles
that of a narrow cone with continuous plasma inflows.

Since AGN rank among the most observed sources of radio emission and both have already
been [68] and will be [56] the subject of extensive surveys, the ability of reliably reconstructing
measurements of these sources on a high-level is a crucial trait to be desired for the neural
network-based reconstruction. Thus, the FRI and FRII subclasses of AGN are used as a basis
for simulating training data for the neural network, explained in

Protoplanetary Disks

Protoplanetary disks are part of the planet-forming process, consisting of dust and gas. They
receive their form from the conservation of angular momentum during star formation through
gravitational collapse. The star in the center of the disk is called the protostar, and its accreting
matter from the surrounding molecular cloud forms the protoplanetary disk. Furthermore, it has
not yet reached hydrostatic equilibrium [48]. The disk temperature varies with the distance to
the protostar: hot near the star and cooler at the edges. Thus, the emission from the disks has
wavelengths ranging from pm to mm and is therefore visible to radio interferometers. Additionally,
the disks persist longer than their natal cores and thus can be studied extensively. [119]

The following is a briefly introduces the main processes of planet formation, resulting in smaller
terrestrial planets and larger gas giants within protoplanetary disks. The development process
of the terrestrial planets in the inner Solar System is described by the planetesimal hypothesis.
The information this theory is based on was gathered from different areas: the structure of the
Solar System, the chemical and isotopic compositions of Earth, Mars, and meteorites as well as
the astronomical observations of young stars. The starting point is a young sun surrounded by a
protoplanetary disk, which consists of gas and dust, as mentioned above. The dust grains merge
and form mountain-sized bodies called planetesimals. These planetesimals themselves combine
via collisions and gravitational interactions, resulting in larger planetary embryos. Typically,
a low double-digit number of objects with a size somewhere between the Moon and Mars are
developed during a period of 10° to 10° years. Eventually, also the planetary embryos collide
due to their mutual gravitational force and form terrestrial planets in a period of 10 x 10° to
100 x 10° years. Earth’s moon is probably a result of these late-stage collisions. [22]

For the process of forming large gas giants, there are two main options, which depend on the
radius of the protoplanetary disk: For radii > 100 au, the development process is driven by the
gravitational instability model, and for r < 100 au, the core accretion model is the dominating
process [13]. For the latter, the beginning is similar to the planetary embryos explained above. If
the mass of the solid core exceeds a certain critical mass (roughly ten times the mass of the Earth),
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the gravitational force of the core becomes strong enough for rapid gas accretion. Eventually,
this leads to the formation of a gaseous planet. However, this model is ineligible to explain the
existence of giant gas planets like Saturn or Jupiter. The reason for that is that the minimal time
necessary to obtain the critical mass for the core lies in the middle of the period at which young,
solar-type stars lose their gaseous disk [103]. If the gas of the protoplanetary disk has disbanded
by the time the critical mass is achieved, then planets like Uranus form instead of Jupiter- or
Saturn-like objects [15]. For planets of the latter type, the gravitational instability model is
utilized. The process only occurs in regions of the protoplanetary disk that are sufficiently cool
or develop a high enough surface density [29]. Tt is similar to the star formation process and is
triggered if the initial gas density is so high that a dynamical gravitational instability occurs.
This, in turn, leads to the collapse of a local patch of the disk. Afterwards, gas is again accreted
onto the core, and a large gas giant forms. [6, 17]

Nevertheless, some physical details of all the above models are subject to debate. Thus,
high-resolution measurements of protoplanetary disks can help improve our understanding of
the protoplanetary disks and the planet formation processes occurring inside. This is one of the
reasons why one basis for the simulations created in this thesis is the DSHARP measurements
conducted by ALMA. Through improvements to the data processing pipelines by the neural
network-based approach, the goal is to contribute to an enhanced analysis of protoplanetary
disks.
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3.1

Machine Learning

In most parts of science, machine learning methods are well-established methods, such as biology
[42], chemistry [73], and various areas of physics [96, 60, ]. In the following paragraphs, the
intent is to explain the basics of machine learning and then switch to the specifics of neural
networks, the backbone of this thesis.

Basics

The basic idea of machine learning is that a computer can be taught to learn to solve a specific
problem. The learning process is called training, and the corresponding algorithm is called the
learner. To aid and alter the training process, one can tune so-called hyperparameters to map
better and fit the task at hand. The trained machine learning algorithm is also called a model.

For a deeper look into different types of machine learning algorithms, one needs to distinguish
between unsupervised and supervised training processes. The difference lies in the additional
attribute the data needs to have: The so-called label. These labels function as ground truth and
often descend from simulation processes. In supervised training, like the ones used in this thesis,
labels are used to evaluate the success of each step during training by statistically comparing the
altered input data to the pre-existing label. Examples of this are random forests [17] or neural
networks. Contrary to this, unsupervised algorithms do not require labels and do not compare
the input data with a ground truth during training. Instead, for example, clustering algorithms
like k-Means [(7] use the given information to find similarities and group the input data. [2]
Furthermore, there are more specific types of learning processes, such as reinforcement learning
[28], which will not be discussed in detail here.

Next, some basic definitions are introduced, which are going to be helpful when the theoretical
definitions of neural networks are explained in . The first definitions are training,
validation, and test data set. These are used when conducting a supervised training process.
The training data set is actively utilized during training. It is the basis for the adjustments to
the hyperparameters of the algorithm. In contrast, the validation data set is used to compute
the optimization metric and is not directly involved in the training process. After the training is
completed, the test data set is used to evaluate the completed training as a whole, as opposed
to the validation data set used in each step during training. Evaluating the training process
leads to the following essential definitions: Over- and underfitting. Overfitting occurs when the
machine learning algorithm memorizes the training data set instead of extracting features from it
and generalizing it. Various effects can trigger this, for example, poorly chosen hyperparameters,
insufficient data set splitting, or too many adjustable parameters in the algorithm. Contrary to
that, underfitting occurs when the machine learning algorithm is too simple or lacks adjustable
parameters, so it is impossible to handle the complexity of the given problem. A graphic
visualization of over- and underfitting is shown in . The graphic shows data points
(black), which are approximated by three different approaches:

o A simple linear equation (blue), which is too simple for this kind of distribution and
therefore underfits the problem
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o A high dimensional power function (red), which exactly follows each data point and is not
suited to describe a similar distribution of data points, which is called overfitting

e A lower dimensional power function (green), which follows the general trend of the data
distribution and can be considered a reasonable fit

= OVerfitted

= Underfitted

== [easonable fit

v

Figure 3.1: Visualization of over- and underfitting. The data points (black)
are approximated by a linear equation (blue), a high dimensional power function
(red) and a lower dimensional power function (green), which underfit, overfit and
reasonably fit the distribution of data points, respectively.

In particular, overfitting often occurs when using neural networks. Two approaches to tackle
this are regularization and data augmentation. When using regularization, one limits the range
of some hyperparameters and effectively reduces the parameter space available to the model.
Data augmentation, on the other hand, is utilized to alter the training data set by, e.g., rotating
or masking it. This increases the parameter space of the data and helps the model generalize
better by providing a variety of inputs. The regularization and data augmentation used in this
thesis are specified in

Neural Networks

Neural networks are part of machine learning algorithms and have been on the rise in almost
every area of science since the mid-2000s when computational power increased dramatically.
The algorithm is modeled after the human brain, so the innermost components are so-called
“neurons” [28]. There are many different types of neural networks, so this section is centered
around the basics, which are similar to most kinds of networks. In , the focus lies on
CNNs, which is the kind used in this thesis.

One of the simplest forms of a neural network is a fully connected network consisting of three
sets of neurons called layers. Such a simple fully-connected network is visualized in
Each neuron owns a set of weights W, so the modulation of an input value Z by the neuron can
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Input Layer Hidden Layer Output Layer

Figure 3.2: Schematic representation of a simple fully connected neural network.
The green circles represent the neurons of the input layer, the red ones neurons
from the hidden layer and the blue ones neurons from from the output layer.

be expressed like this

y=W.ZI, (3.1)
where 3 is the output of the neuron. So a set of two-neurons, with Z; 5,7,  and W , respectively
and the second neuron being fed the output of the first (3, = &5) would look like this

52 =W, 52 =W, W, . 9_51 . (3~2)

Since the laws of linear algebra permit to redefine W,W; to a new matrix Wy, (3.2) looks
the same as (3.1) after a simple matrix-vector computation. So, one could redefine a two-
neuron calculation to a one-neuron calculation. This leads directly to the need for non-linearity,
introduced as the first important definition for neural networks: activation functions. These
functions provide the necessary non-linearity that build a deep neural network and allow learning
of non-linear problems. An activation function f(z) comes with a bias vector b, which adds a
constant offset to the output of the matrix-vector computation

g =f(W, 2, +D) . (3.3)

This bias vector is trainable and useful if the training data features patterns or a constant offset.
One of the most commonly used activation functions is the Rectified Linear Unit (ReLU) [64],

which is defined by

r, ifz>0

flz) = (3.4)

0, else .
For negative input values, the resulting values and the corresponding derivatives are zero, which
slows training and prevents the weights from being efficiently updated. This and an improvement
in accuracy led to the invention of the Parameter Rectified Linear Unit (PReLU) activation
function [50], a particular version of ReLU,

@) = {x, ifx>0 (3.5)

ar, ifz <0

with a learnable parameter a for negative input values. This activation function is utilized for
the architecture used in this thesis, as specified in . illustrates the function
graphically in comparison to a ReLLU function.
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Figure 3.3: Visualization of a PReLU activation function with ¢ = 0.25 and a
ReLU activation function.

Returning to the weights of each neuron introduced in (3.1), the learning process of neural
networks essentially means adjusting these weights repeatedly during training. This optimization
problem is solved by minimizing the so-called loss function, which is a central part of each
neural network training and the mathematical expression of the present problem. In order to be
applicable to the task at hand, the function needs a global minimum at the point of optimal
agreement between the predicted and the desired output. The loss functions used in this thesis
are explained in

After feeding the trammg data set to the network, the output of the model and the labels are
compared and penalized according to the chosen loss function. The higher the resulting value,
the worse the training performance. To minimize the loss function and to improve the results
for the next training iteration, backpropagation [90] is applied. This is done by calculating the
derivatives of the loss function starting from the last and going to the first layer while exploiting
the chain rule. Next, the weights are updated accordingly, using mostly methods from the field
of stochastic gradient descent are used [16]. Over the years, the methods of optimization have
evolved. In this thesis, the Adaptive Moment Estimation (ADAM) optimizer [62] is utilized,
which has an additional momentum parameter for improved stability.

Another important hyperparameter in conjunction with weight optimization is the learning
rate \. It controls the influence of the computed gradients g on the update of the new weights
w

W =W +)\g (3.6)
with W being the previous weights. Choosing the learning rate too high may result in leaving the
global minimum and worsen the result, while choosing it too low slows or prevents convergence
at all in a reasonable time. Specifics for the learning rate are elaborated in

Since computing gradients can be computationally expensive, it is common not to feed the whole
training data set all at once to the network but to split the data in so-called minibatches. Thus,
the computation on these subsets of the data is faster and cheaper. Consequently, the parameters
are updated after each minibatch. The size of each minibatch is a tunable hyperparameter called
batch size. When all minibatches have been fed to the neural network, one so-called epoch of the
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3.3 Convolutional Neural Networks
training process has been completed. [10]

Convolutional Neural Networks

For image data, which is the focal point of this thesis, it is expedient to utilize its grid-like
topology. This can be leveraged using convolutions and, therefore, CNNs. A convolution is
mathematically defined as

s(t) = /x(a)w(t —a)da (3.7

with z as the input, w as the kernel and s as the feature map. This terminology is often used in
the context of CNNs. (3.7) changes to a summation over two individual axes when using the
image I and the kernel K

:ZZ[(mJL)K(i—m,j—n). (3.8)

(3.8) still differs from the actual implementation of most neural network libraries, including
PyTorch [35]. Instead, these algorithms implement the cross-correlation

zy):ZZI(i—l—m,j—kn)K(m,n), (3.9)

because there is no need to preserve the commutative property. The kernel K is often chosen to
be smaller than the image size in order to group features in small groups of pixels, also called
sparse connectivity. This reduces the amount of parameters to be saved and reduces computation
time. Also, the same set of weights in the kernel is used for the whole image, further reducing
the amount of parameters to be stored [10]. The number of pixels traversed by the kernel for
one step is referred to as stride. A stride higher than one means that one set of pixels is skipped
for the convolution. In some cases, depending on the kernel and the image size, it is necessary
to add pixels to the edges of the image to achieve the desired image size after the convolution
has been applied. This is called padding and can be performed in multiple ways, for example,
by mirroring the edge pixels or adding zeros. In this thesis, the pixel values on the edges are
reflected if padding is utilized. A visualization of the calculations during a convolution is shown
in . In , a more task-related visualization of the reconstruction procedure
performed by a convolutional layer is shown.
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012 = 112 : Kll + 113 : K12 + [22 ’ K21 + ]23 ' KZZ

Figure 3.4: Schematic illustration of the functionality of a convolution. With an
image size of 3 px x 4 px and a kernel size of 2 px x 2 px without padding and a
stride of 1, the resulting output size is 2 px x 3 px. The weights K, K5, Ky, and
K, are the same for the whole image, which is called parameter sharing.

0.0 0.2 0.4 0.6 0.8 1.0
Flux Density / Jy px~!

PreBlock ResBlock PostBlock FinalBlock

Figure 3.5: Visualization of the operation of a convolution layer in the context
of Fourier data. Exemplary (u,v) data with missing information (black pixels) is
shown in the middle. The purple highlighted area is shown on the left, visualizing
the number of pixels which contribute to the calculation of one pixel value with
missing information. The light blue area is visualized again on the right side
after several key points in the architecture. The PreBlock is the first block, the
ResBlock forms the core of the model, and the PostBlock and the FinalBlock are
located at the end of the architecture. It can be seen that the missing information,
especially at the edges of the image, is reconstructed, and structures form. Taken
and adapted from [97].
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Simulations

An often overlooked factor for the successful training of a deep learning model is the selection of
the appropriate data set. Suppose essential features of the problem at hand, in terms of image
reconstruction, for example, brightness or position and orientation of objects, are absent in the
training data set. In that case, the model will hardly be able to recognize and reconstruct those
features. This chapter deals with the creation and step-by-step adaptation of the simulated data
sets so that the deep learning model is able to, first, reliably reconstruct the simulated data and,
second, generalize enough to be able to reconstruct interferometric measurements. In ,
the simulations based on artificial radio galaxies [65, 91] are explained, while presents
the simulations based on the DSHARP [4] measured by ALMA [118].

GAN Simulations

In previous publications, the simulated data consisted of simple sources built from Gaussian
components [100]. For this thesis, a more sophisticated and realistic approach was chosen:
Generative Adversarial Network (GAN)-generated radio galaxies [65, 91]. Such a generative
adversarial model consists of two parts: a generator and a discriminator, as displayed in .
The generator’s task is to create structured data from statistically random noise that follows a
predefined distribution given by the data. The discriminator counteracts this by receiving both
the generator’s output and the target data from which the generator has learned the distribution
and attempting to distinguish between them. At the beginning of the training, the generator
has not yet fully learned the underlying distribution of the target data. Thus, the adversarial
discriminator can easily separate the generator output from the target data. As the training
progresses and the generator learns, its output images are more complex to classify as simulated.
In an ideal setup, the underlying distribution gets fully learned, and the discriminator cannot
reliably distinguish between generated and true data. Hence, the generator is then able to create
an arbitrary amount of data following the distribution learned in the training process just from
random noise. [41, 94]

In this particular framework, an advanced version of a GAN was used, the wGAN [5]. For
this version, the loss function contains the Wasserstein distance, and the discriminator is called
critic because there is no longer a classification in the context of statistics, and thus, there
is no discrimination between generated data and target data. This technique improves the
stability of the learning process and solves numerous problems of the traditional GAN approach.
Furthermore, both parts of the wGAN are trained on an additional feature, a morphological
class label. There are four possible labels: FRI, FRII, the “bent”; and the “compact” class. For
this thesis, only the FRI and FRII sources [36] are used. The labels themselves originate from
the fact that the wGAN was trained on 5” images from the Faint Images of the Radio Sky at
Twenty-cm (FIRST) survey [7] conducted by the VLA [109]. Summarizing, the trained generator
from [65, 91] was used to generate FRI and FRII images looking as measured during the FIRST
survey. Some examples of GAN-simulated source distributions are shown in .

For the purposes of my recent publication [39] and this thesis, 30000 FRI and 30000 FRII
sources were simulated and split in a 5:1 ratio, resulting in 50000 training and 10000 validation
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Figure 4.1: Schematic representation of the Wasserstein generative adversarial
network (wGAN) architecture used in |
real  or generated data Z. The generator (green) generates data & utilizing the
noise Z and the class labels y. After that, Z is compared to y by the critic (yellow),
which distinguishes between real and generated data.

|. y corresponds to the class labels of the

Figure 4.2: Example images generated by the GAN. Both the core-dominated
FRI class and the jet-dominated FRII class are visible in this selection, for example,
on the bottom left and the top right, respectively. Furthermore, the sources vary
in terms of location and number.



4.1 GAN Simulations

images. Additionally, 10000 testing images, consisting equally of FRI and FRII sources, were
created.

For the training of the wGAN, some alterations have been made to the training data set.
First, the noise of the measured FIRST data was reduced by setting all pixels below three times
the local Root Mean Square (RMS) noise to that threshold. Furthermore, the pixel values were
scaled to the range of —1 to 1. Due to the nature of GANs, the generated images inherit these
properties [91]. For the purposes in this paper [39] and this thesis, the size of the output images
was set to 128 px x 128 px. Additionally, the following postprocessing steps were taken:

o Gaussian smoothing was necessary to discard steep falloffs in intensity between neighboring
pixels. These falloffs were relics of the wGAN training process and not observed in compa-
rable, by traditional methods cleaned images. Thus, a Gaussian smoothing was performed.
The width of the Gaussian kernel was an important hyperparameter to tune since it was
necessary to prevent the creation of false structures and the vanishing of substructures.
The chosen value was ¢ = 0.75 px because it best fulfilled the abovementioned criteria. A
comparison of the effects of different widths on the same source is shown in
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Figure 4.3: Overview of the effect of Gaussian smoothing on the same source
from the GAN-generated data set. A Gaussian kernel width of 0px (top left),
0.5 px (top right), 0.75 px (bottom left), and 1 px (bottom right) are applied. The
kernel width of 0.75 px was used going forward since it best combined the two
premises of preventing both the creation of fake structures and the vanishing of
small structures.

e The intensity of the sources was scaled between 1 mJy and 300 mJy to ensure a signal-to-
noise ratio (SNR) ranging between 1 and 100. The aim is to make the network more robust
regarding data quality and signal visibility. With the help of the WSCLEAN algorithm
[34], the SNRs were computed by dividing the maximum of the cleaned image by the
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standard deviation of the residual

SNR = 22X Uetean) (4.1)

std (Lresiduat)
The residual image is the remaining flux after the cleaned flux has been subtracted from
the dirty image. In , the chosen parameters for the cleaning are listed. The
resulting distribution of SNRs in the test data set is visualized in . Additionally,
the effect of different SNRs on the reconstruction quality of WSCLEAN using the wGAN-
generated data set can be seen in . Further explanation and the application to

the evaluation methods can be found in

Table 4.1: Overview of the parameter settings used to create the clean images
and to compute the SNRs using WSCLEAN

Parameter Setting
size 128 px
scale 1.56 asec
mgain 0.8
gain 0.01
niter 1000000
auto-mask 5
autothresh 1
weight uniform
1200
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Signal-to-Noise Ratios
Figure 4.4: Histogram of SNRs in the test data set. The majority of the sources
has a SNR around 20.
Looking back at , the radio galaxy simulations are finished, and so the simulation
of a radio interferometer measurement using RIME is next. As explained in , the
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Figure 4.5: Effect of different SNRs on the cleaning performance of WSCLEAN.
From left to right: Dirty image, cleaned image and residual image. From top to
bottom: Sources with SNR of 5, 35 and 70. It can be seen that the reconstruction
quality increases with increasing SNR.
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antenna layout is one of the choosable parameters of the pyvisgen package [98]. In line with [7],
the VLAs B-configuration was used. The corresponding antenna positions are listed in

An exemplary (u,v) coverage using this layout and RIME is shown in . It can be seen
that while the center is well covered, the outer parts are not due to the relatively short baselines
of the VLA compared to experiments performing VLBI. For the model training in ,
this attribute has to be kept in mind since it will be difficult to reconstruct values at the edges

of the images.

Table 4.2: Overview of the antenna positions of the VLA within the Earth-
centered coordinate system, used as a parameter for the RIME. The given positions
correspond to the B-configuration of the VLA used for the FIRST observations.

Station Name X /m Y /m Z/m

W32 1640.03 —4329.93 —2416.71
N24 —1660.49  —259.40 2454.42
W20 733.35 —1932.98 —1078.11
E24 765.21 2889.45 —1108.88
N32 —2629.09  —410.65 3885.60
E36 1534.56 5793.91 —2223.48
N16 —801.40 —124.97 1182.12
W8 152.76  —401.27  —223.40
W28 1316.45 —3443.31 —1913.53
W12 306.17  —804.58  —448.08
W36 2000.07 —5299.80 —2962.89
N28 —2091.44  —326.59 3089.41
E32 1253.25 4733.62 —1816.91
N36 —3217.58  —502.67 4756.12
E28 998.67 3764.31 —1443.47
N4 —74.82 —11.76 111.63
E4 35.60 133.65 —51.10
W4 46.92  —122.02 —67.61
W16 499.84 —1318.00 —735.21
N8 —243.60 —38.05 360.04
E16 376.99 1440.99  —556.13
E8 114.43 438.69  —169.49
E20 560.10 2113.27  —810.70
E12 229.47 879.60  —339.87
N20 —1174.34  —183.30 1734.24
N12 —489.31 —76.31 721.52
W24 1005.43 —2642.99 —1472.20

Because real measurements depend on a large number of variable parameters, these same
parameters can also be freely selected in pyvisgen. Additionally, it is also possible to provide a
range to certain values, which then serve as boundaries for a random number generator, providing
the necessary scope in, e.g., pointing position that a real radio interferometer sky survey requires.
Furthermore, it enables variations of the simulated measurements, which is beneficial for the
generalization capacity of the neural network. The corresponding parameters chosen to simulate
the observation of the wGAN-generated radio galaxies are summarized in . The values
have been chosen in accordance with the specifications from [7].
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Figure 4.6: Exemplary (u,v) coverage for a simulated FIRST measurement using
RIME. For the sake of visibility, just one out of four possible spectral windows is
shown. While the (u,v) coverage in the central parts is very dense, the outer parts
are only covered sparsely.

Table 4.3: Parameters chosen for simulating FIRST measurements using RIME
in pyvisgen. In cases where multiple values are specified, these values serve as
bounds of random values drawn within these bounds.

Sampling option Value
Image size 128 px
FOV center ra [100°, 110°]
FOV center dec [30°, 40°]
FOV size 350
Corr. int. time 30s
Number of scans 2
Scan duration [30s, 405s]
Scan separation 360s
Reference frequency 1.365 GHz
Bandwidths 3 MHz
# Bandwidths 4
Frequency offset 64 MHz
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Furthermore, system noise also has to be considered. This corruption effect depends on the

observation bandwidth Av and the correlator accumulation time 7. .. and is Gaussian distributed

acc
with a standard deviation that follows [104]

As— L_SEFD _ 12)

Ns \/2AI/TaCC .
Here, 1, corresponds to the system efliciency factor, which is different for each experiment and
takes losses from electronics into account [26]. The most important part is the System Equivalent
Flux Density (SEFD), which can be considered as an overall measure of system performance

[104]

Tsys
SEFD = —2 (4.3)

with the system temperature T, and K as a composition of the antenna efficiency and the
area of the antenna [20]. The specific values for the variables appearing in (4.2) are taken from

or from [31], with n, = 0.93 and SEFD = 420 Jy. The resulting noise is in the order of
10mJy and is added separately to the real and the imaginary part of the simulation. By varying
the peak flux, pyvisgen is able to simulate measurements with different SNRs utilizing (4.2).
This will be used in detail in , where an evaluation of the neural network results based
on the source’s SNR is performed.

For the last step in the simulation chain, the resulting visibilities coming out of the RIME are
gridded since both traditional radio interferometry imaging software like WSCLEAN and the
neural network approach require two-dimensional images. This is also performed by pyvisgen,
with the grid being defined by the number of pixels and the Field of View (FoV). In contrast to
the convolutional gridding in WSCLEAN, the gridder in pyvisgen utilizes a two-dimensional
histogram. The data set containing was gridded with a image size of 128 px x 128 px
and a FoV of 200”, which corresponds to a pixel size of 1.56”. The complex visibilities are then
divided into the real and the imaginary parts, which are saved separately. In , an
exemplary gridded real and imaginary part is shown.
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Figure 4.7: Gridded real (left) and imaginary (right) part of the visibilities shown
in . It is visible that information is missing, especially in the case of the
imaginary part.

4.2 DSHARP Simulations

With regard to the planned future reconstruction of measured interferometric data, see ,
another type of astronomical object was simulated: protoplanetary disks. These simulations are
based on the work of Andreas Maisinger [70]. The goal is to simulate a data set of protoplanetary
disks and use it to train a neural network model to be able to reconstruct measurements taken
in the context of DSHARP.

The DSHARP project was conducted by ALMA. Tts goal was to perform a survey of 20 nearby
protoplanetary disks in order to examine the prevalence, forms, locations, sizes, and amplitudes
of small-scale substructures in the disk material and their relation to planet formation processes.
This was done by investigating the 240 GHz continuum and the '2CO J=2-1 line emission of
these protoplanetary disks. This project is particularly suitable for testing the reconstruction
approach presented in this thesis because, among other things, the source morphology is relatively
simple compared to other objects. A cleaned image of all twenty sources examined is shown in

i

The foundation of the simulations of protoplanetary disks in this thesis is the geometric
crescent model [59], which can be used to simulate black holes. The idea behind the model is to
create one large and one small disc and subtract the smaller one from the larger one. This way,
a crescent-shaped structure remains, which is blurred and adjusted to match the event horizon
of a black hole. In , an example image of the crescent model is shown.
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Figure 4.8: Overview of the sources measured for DSHARP. The beam is shown
in the bottom left corner of each image. Especially the orientation, the number of
rings around the core, and the eccentricity vary between the different sources. [4]
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Figure 4.9: Example of a sampled crescent image. A sampled crescent image on
the left, the corresponding blurred image in the middle and the blurred visibility
amplitde on the right side are shown [59].



4.2 DSHARP Simulations

Due to mismatches between the simulations and the DSHARP data, the discs were replaced
by ellipses simulations, which more accurately represent the source morphologies present in the
measurements. In the following the simulation steps are listed:

1. Create an elliptic core
2. Convolve the core with a two-dimensional Gaussian kernel to create blurring effects

3. Create the rings around the core
a) Generate two ellipses of different sizes
b) Subtract the smaller ellipse from the larger one

c¢) Convolve the resulting crescent-shaped structure with a two-dimensional Gaussian
kernel

4. Repeat these steps for the chosen amount of rings

5. Combine the core and the rings

Most of the parameters are chosen randomly (in certain bounds), for example, the number of
rings, the distance between the core and the rings, or the ratio between the two semi-axes of the
ellipse. In theory, this creates a large enough parameter space for the neural network model to be
able to extract the features necessary for learning to reconstruct measurements of protoplanetary
disks.

For the next step, the intensities of the crescent-shaped structures had to be adjusted to those
of the DSHARP data. For this purpose, the intensity profile of each source was plotted. It
turned out that the decrease in intensity was exponential. In order to be able to base simulations
on these intensity profiles, it was necessary to fit each profile with

y = emeth, (4.4)
Due to the exponential nature of the data, the logarithm of (1.4) was used, which resulted in
Iny =mx+b. (4.5)

After obtaining 20 different gradients and y-axis intercepts, they were grouped. It was possible
to summarize the values into four different categories with a mean gradient and mean y-axis
intercept. One of these four mean gradients and y-axis intercepts is now chosen randomly for
every newly simulated source. This ensures that the intensity profile of the simulations matches
one of the four subgroups of the DSHARP data set.

In contrast to the work of Andreas Maisinger [70], a few adjustments had to be made to reduce
data-simulation mismatches further. First, the image size was increased from 400 px x 400 px
to 512 px x 512 px. This was done because the original image size of the DSHARP data set is
3000 px x 3000 px and it is necessary to steadily increase the size of the simulated images in order
to eventually match the image sizes of measurement data like DSHARP. Due to restrictions in
the domain of computational resources, this needs to happen in small steps; thus, 512 px x 512 px
was chosen. Furthermore, the coordinates of the center of the core were adjusted. Previously,
they were fixed to the center of the image. This proved to be too restricting when applying a
neural network, which was trained on fixed-location simulations, to the measurement data of
DSHARP. The protoplanetary disks in the measurement data set are not always centered in the
middle of the image but deviate from it. Thus, the location of the core was also randomized in the
range of 200 px to 300 px in both dimensions. In , several simulated protoplanetary
disks are shown, which were calculated according to the approach explained above. It is apparent
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that the randomized parameters greatly impact the appearance of the simulated protoplanetary
disks, as intended. The number of rings, the eccentricity of the core, and the location of the core
vary.

Figure 4.10: Example simulations of protoplanetary disks. There are multiple
variations with no rings, weakly developed rings or bright rings that shine brighter
than the core. The number of rings is variable too.

Similar to , after simulating the protoplanetary disks, they were fed to the RIME
formalism via the pyvisgen package. For this, the hyperparameters of the algorithm are adjusted
in accordance with [4] while utilizing the antenna locations of ALMA listed in . Also,
the SEFD, used in the system noise calculation in (4.2), is changed to 97 Jy. This value was
measured for ALMA during the DSHARP observations [3]. The simulation parameters for
pyvisgen are listed in . In , one exemplary result of the RIME simulation
using the DSHARP parameter values is shown. The differences compared to the layout of the
VLA are directly visible. Also, more information is missing between the visibilities than in

. The corresponding gridded real and imaginary parts are visualized in .
The gridding was performed with an image size of 512px x 512px and a FoV of 9”, which
correponds to a pixel size of 0.017 58”.
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Table 4.4: Parameters chosen for simulating DSHARP measurements using RIME
in pyvisgen. In cases where multiple values are specified, these values serve as
bounds of random values that are drawn within these bounds.

Sampling option Value
Image size 512 px
FOV center ra [—124°, —123°]
FOV center dec [—23°, —22°]
FOV size 12
Corr. int. time 30s
Number of scans [10, 11]
Scan duration [30s, 405s]
Scan separation 300s
Reference frequency 233 GHz
Bandwidths 125 MHz
# Bandwidths 16
Frequency offset 125 MHz

x10°

T T T T T T T T T

-8 —6 —4 -2 0 2 4 6 8
u/ A %108

Figure 4.11: Exemplary (u,v) coverage of a simulated measurement of a proto-
planetary disk. For the sake of visibility, just one out of the 16 simulated spectral
windows is shown. In contrast to Figure 4.6, more information is missing between
the visibilities.
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Figure 4.12: Exemplary gridded visibilities of a simulated measurement of a
protoplanetary disk.
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5.1

Neural Network Model

After simulating multiple kinds of astronomical objects and simulating measurements conducted
by different experiments like ALMA and VLA, the next stage of , the neural network
itself, is reached. The centerpieces of the training process of a neural network are its architecture
and the model training. There are a lot of different kinds of networks, but for image data with a
grid-topology, CNNs are among the best possible choices. However, one has to specialize even
more depending on the task at hand since multiple possible tasks like classification, segmentation,
or regression exist. In this chapter, the architecture, as well as the modifications and parameters
set for the training process, are explained in and in , respectively.

Architecture

In order to understand the choice of building blocks for the architecture, it is necessary to grasp
the task that comes with reconstructing unsampled visibility data shown in . In the
fields of, e.g., computer vision and medical imaging, researchers deal with similar problems as
presented in this thesis, namely image impainting [9, 33] and super-resolution [37, 23]. Image
impainting was initially used for removing noise or physical issues like kinks or blurry parts of
an image and has nowadays found its application in image processing procedures like discarding
artifacts in images or text removal [92, G1]. On the other hand, Super-resolution describes
methods to obtain high-resolution shapes and textures while upsampling the image dimensions
[66]. As an often used first approach, interpolation methods like bicubic interpolation have been
used in the past to upsample images. However, this frequently leads to noisy upsampled images,
as shown in the left image of . By using a SRResNet, it is possible to reconstruct
fine-scale structures and generally a less noisy image [60], as seen in the right image of

The approach mainly depends on estimating the correct value for the newly created pixels during
the upsampling process by applying residual learning.

For the context of this thesis, it is essential to reconstruct missing pixel information, especially
at the edges of the image, by utilizing the information in the near vicinity. This is a well-known
problem in radio interferometry, as due to the concept, it is impossible to fill all gaps in the (u,v)
plane, as outlined in , and therefore, the missing information has to be estimated.
Furthermore, the pixel information obtained by the telescopes is corrupted by noise, both extrinsic
and intrinsic, which further complicates the task.

In order to fill the missing pixel information, a CNN-based SRResNet following the ideas
presented in [100] is constructed. The general network follows [66] with Residual Blocks
(ResBlocks) as core components, as published by [19] and adapted by [14]. A schematic overview
of the network is visualized in . The training takes place solely in Fourier space, as
indicated in . Therefore, the incomplete and gridded real and imaginary visibilities are
fed to the network as input. In the beginning, the so-called PreBlock is implemented. It consists
of a single convolutional layer and a PReLLU activation function. The purpose is to increase the
number of channels from 2 to 64 and to spread the information in the center to the edges of the
image by utilizing a high kernel size of 9, compared to the rest of the architecture.
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5 Neural Network Model

Figure 5.1: Comparison between bicubic interpolation (left) and a deep residual
network (right). It can be seen that the bicubic interpolation results in a blurry,
upsampled image, while the neural network approach restores finer structures and
details of the image. Adapted from [66].

Next is the central building part of the architecture, the ResBlocks. 16 of these blocks are
used for this architecture, and each of them is structured in the same way: A convolutional
layer with a smaller kernel size (3) than in the PreBlock, a normalization layer, a PReLU
non-linear activation function and another convolutional layer coupled with a normalization.
The normalization layer performs either a batch normalization [55] or an instance normalization
[L11], whereby the latter has proven to perform better on two-channeled Fourier data and is used
in every training except for Subsection 5.2.1. In the end, the input to the ResBlock is bypassed
via an identity skip connection [51] and added elementwise to the output, which enables residual
learning [19]. Residual learning changes the underlying mapping the network attempts to learn.
Suppose x is the input to the ResBlock and H(z), the mapping to be learned. In that case,
utilizing an identity skip connection and the elementwise summation leads to the following new
mapping

F(z):=H(x)—=. (5.1)

Investigations, e.g., [19], have shown that these kinds of layers are easier to optimize in
comparison to the traditional standard stacking of layers. Furthermore, it even enables the
implementation of deeper networks without significantly increasing the training error and the
convergence time, which is the case for the layer-stacking method. Additionally, these layers are
more robust to outliers and thus increase the stability of the trained model.

After passing through 16 ResBlocks, the data is eventually fed to the PostBlock and the
FinalBlock. The PostBlock consists of a convolutional layer, a normalization layer, and, most
importantly, another skip connection and elementwise summation, bypassing and adding the
PreBlock output to the PostBlock output. In the end, the FinalBlock concludes the architecture
with a single convolutional layer with a kernel size of 9, which reduces the number of channels
from 64 to the original 2, the real and the imaginary parts. A detailed overview of the parameters
for each layer can be found in Table 5.1. The target images are the complete real and imaginary
part of the visibilities, as seen in Figure 5.2 on the right side. More detailed, these images
are created by taking the Fourier transformation of the wGAN-simulated sources as shown in
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Figure 4.2, Therefore, the (u,v) plane is filled without gaps, and taking the inverse Fourier
transformation of the real and the imaginary part results in the perfect recovery of the radio
galaxy simulations the analysis chain started with.

Input Output

Residual Block (x16)

Pre Block Post Block

Skip Connection

Skip Connection

Figure 5.2: Schematic overview of the architecture used, among others, for the
training of wGAN-simulated sources from Section 4.1.

Table 5.1: List of parameters for the architecture depicted in Figure 5.2

Module Layer Ci Cow Kernel Stride Padding
Convolution 2 64 (9x9) 1 4
PreBlock PReLU 64 64 - - -
Convolution 64 64 (3x3) 1 1
Instance Norm 64 64 - - -
PReLU 64 64 - - -
ResBlock (x16) 10/ volution 64 64 (3x3) 1 1
Instance Norm 64 64 - - -
Elementwise Sum 64 64 - - -
Convolution 64 64 (3 x3) 1 1
PostBlock Instance Norm 64 64 - - -
Elementwise Sum 64 64 - - -
FinalBlock Convolution 64 2 (9x9) 1 4

Unless stated otherwise, all of the following neural network models were trained with the
architecture depicted in Figure 5.2. Later in this thesis, this architecture is altered to prepare it
for the additional prediction of uncertainties, which will be covered in generally in Chapter 7
and specifically in Section 7.1.

5.2 Model Training

In the following paragraphs, the pre-processing steps and essential parameters of the training
process are explained. Unless stated otherwise, these steps are done before every training
described in this thesis.
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For the loss function, the Mean Absolute Difference (L1) (5.2) was chosen
because it is more efficient for image reconstruction tasks than the Mean Squared Error (MSE)
and is able to reconstruct finer details [120]. Specifically for the purpose of this work, tests have
shown a clear advantage for L1 over MSE.

Ll = |z —y] (5.2)

Here, x corresponds to the input image and y to the target image. However, the loss is computed
channel-wise and added afterward so that

thotal =Ll (Irealv yreal) +L1 (ximagv yimag) (53)

Due to the periodic nature of the Fourier space [10], it is sufficient to
train only on one half of the image and to complete the rest by utilizing the symmetry. This saves
computational resources and time and increases the efficiency. For the evaluation, the images
are restored to their original size by rotating the prediction and concatenating it to the original
output of the network. Due to the fact that the FFT of numpy [47] creates a central pixel also for
even image sizes, the symmetry is slightly offset for the simulated visibilities in Fourier space.
To account for that, the image is still rotated by 180°, but the row with the central pixel is not
changed. This means that one column is missing, which is approximated with the corresponding
column on the other side of the image. This approximation holds for the images in this thesis
since the pixel values at the edges are close to zero. In , the process is visualized.

In order to enable a smoother training process and prevent a bias
towards images with higher values, which get a higher weighting when using (5.2), normalization
methods were implemented. For the wGAN-generated sources, the mean p and the standard
deviation o of the whole training data set were computed and divided into real and imaginary
parts. Before each batch, all non-zero pixels of each image in the batch were shifted using

flx) = m;u, forz #0 (5.4)

with x being an image in the batch. The transformation was applied to both input and target
images. This results in g = 0 and ¢ = 1 for the whole training data set. Sometimes, this is also
called Z-Score and a common normalization technique for machine learning algorithms [21].

Later in the thesis, another normalization method is used. It is based on (5.1), but has the

goal of normalizing each image, so that fi;,,e, = 0 and oy, = 1, utilizing
Tr— .uimage
fl@) = ———. (5:5)
Uimage

For this purpose, the mean and standard deviation of each input image in the batch is
determined. Afterward, equation (5.5) is used on both input and target images. Note that this is
performed on all pixels, not just the non-zero ones, as for equation (5.4). Before any evaluation
methods can be applied, the output of the neural network needs to be rescaled in order to restore
the original values. This is done by inverting the mathematical operations, which results in
(5.6)

T €T

original — “%normalized Uimage + /J'image .

The different effects of these two normalization methods on the training process are evaluated
in detail in
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180°

Figure 5.3: Schematic representation of the symmetry operation applied for the
evaluation of the neural network. The red part has the size [image_size/2 + 1,
image_size] and is used for the training of the neural network. If the image is now
rotated around the central pixel, the row at the bottom is redundant, and one part
of the left column is missing, as seen for the green rectangle. The redundant row
is discarded, but the information of the column (yellow) needs to be approximated
using the corresponding column (purple) of the red rectangle.
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As early as 1988, it was known that it is helpful for optimization
problems to adjust the learning rate over time [57] to achieve faster convergence times. For this
thesis, this is taken into account by using a learning rate finder [52] and an adaptive learning
rate scheduler provided by fastai [53], called “cosine annealing learning rate scheduler”. The
learning rate starts at 8 x 1074, peaks after one-quarter of the epochs at 1 x 1072, and then falls
until 1 x 107% at the end of the training. The detailed progression of the function is shown in
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Figure 5.4: Visualization of changes in the adaptive learning rate over the course
of the training.
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5.2.1 wGAN-simulated Sources

First, a training instance using the wGAN-simulated sources presented in was
conducted with a batch size of 100 and a learning rate adaption as shown in . The
corresponding loss curve of the trained 400 epochs is visualized in

0.55 - Training Loss
——— Validation Loss

0.50 A

0.45 A

0.40 A

Loss

WYY V'Y

0.35 1

0.30 A

0.25 1

0.20 A

T T T
0 50 100 150 200 250 300 350 400
Number of Epochs

Figure 5.5: Training and validation loss for a model training with wGAN-simulated
data.

After approximately ten epochs, a gap between the training and the validation loss forms.
This gap increases, but no overtraining occurs since the validation loss declines more slowly
than the training loss. For upcoming models, both losses will be closer to each other due to
improvements in the normalization techniques.

An exemplary prediction in Fourier space is shown in . The graphic is separated into
real (top) and imaginary parts (bottom). Both parts show a good agreement between prediction
and simulation, which is validated by the difference plots. The maximal deviation is an order
of magnitude smaller than the maximum flux density, which is valid for both channels and
underlines this statement.

The corresponding prediction in image space is shown in . Again, both prediction
and simulated images show good compliance, underlined by the difference visualized in the plot
on the right. The main area of missing flux density is located outside of the main structure of
the source. Altogether, both exemplary Fourier and image space reconstructions are in good
agreement with their corresponding simulation. Advanced evaluation techniques based on the
analysis of a multitude of images are presented in
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Figure 5.6: Exemplary Fourier space predictions generated by the neural network.
From left to right: prediction, simulation, and difference between both images. In
the top row, the real part is shown, while the imaginary part is visualized in the
bottom row.
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Figure 5.7: Exemplary source predictions generated from the predicted real and
imaginary part displayed in . From left to right: prediction, simulation,
and difference between both images.
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5.2.2 Image-based Normalization

As already mentioned in , two different normalization techniques were used. The
impact of the second image-based method on the loss curve and example images is discussed in
this subsection, while the comparison between both methods based on the evaluation of a whole
test data set is performed in
The corresponding loss curve is shown in . The progression is very similar to
, but the validation loss is less spiky. Again, a gap forms between training and
validation loss, but comparing it to the previous versions is not meaningful since the absolute
loss values change due to the different normalization techniques.
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Figure 5.8: Training and validation loss for a model training with wGAN-simulated
data utilizing the per-image-based normalization method.

In and , predictions for the same input image used in the previous
subsection are shown. Overall, both plots do not differ much from and . At
the edges of the imaginary prediction, information is missing. This is not surprising since the
VLA is missing coverage at the edges due to its layout, as seen in . However, these
values do not contribute significantly to the reconstruction in image space, and the maximum
difference is again one order of magnitude smaller than the maximum flux density. The image
space reconstruction in validates that the main properties of the source are well

reconstructed.
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Figure 5.9: Exemplary Fourier space predictions for a wGAN data training
normalized with equation (5.5). From left to right: prediction, simulation, and
difference between both images. In the top row, the real part is shown, while the
imaginary part is visualized in the bottom row.
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Figure 5.10: Exemplary source prediction for a wGAN data training normalized
with equation (5.5). From left to right: prediction, simulation, and difference
between both images.
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5.2.3 Noise Training

In this subsection, some images of the wGAN data set were replaced with pure white noise
images. This serves several causes: First, it helps the network with its task of generalization, and
second, it accounts for the fact that some measurements can be too noisy to reconstruct anything
but pure white noise. Another reason for the replacement is the frequently asked question of
whether the network tries to reconstruct a source in every image, regardless of whether a source
is present. Thus, the noise images would be expected to come out of the network unaltered. For
both training and validation data, 10 % of the images were swapped out with pure Gaussian
noise images, generated with a mean of 4 = 0 and a standard deviation of o = 0.4, and then
Fourier transformed. This ensures that the pure noise images feature a flux density in the range
of the telescope’s system noise of ~ 10 mJy, which is the minimum threshold the interferometer
is able to observe. The exact numbers of images can be found in

Table 5.2: Number of source and noise images in the data set

Training | Validation | Test

# Noise images 5000 1000 1000
# Gan sources 45000 9000 9000
total 50 000 10000 10000

The parameters for this training, such as batch size and learning rate, are the same as for the
training in , except for the normalization layers shown in . Instead
of batch normalization, as used for the previous training process, instance normalization is
now performed. Also, the improved normalization technique from is utilized.
When comparing the loss curves shown in and , one can see that the
previously mentioned gap between training and validation loss is smaller now. Again, no signs
of overtraining appear as the validation loss decreases until the training ends. This can be
attributed to both adding noise images and utilizing the instance normalization, which performs
the normalization channel-based for each image in the batch instead of calculating the mean and
the standard deviation for the whole batch and all channels.

In , a neural network prediction in the Fourier space is shown. The results are
very similar to those in , which underlines the robustness of the model. Again, the
maximal difference is an order of magnitude smaller than the maximum flux density, and the
main structures are well reconstructed. This indicates that the performance of the model has
not suffered from the addition of pure noise images. Instead, the gap between validation and
training loss decreased.

Similar to the results shown in , displays the Fourier-transformed
source prediction of the real and imaginary part shown in . As already visible in the
Fourier space prediction, the source is well reconstructed in image space. The reconstruction
is nearly indistinguishable from those produced with the network trained without pure noise
images.

To answer the question from the beginning of the subsection, the network’s response to a noise
image as input is depicted in . As anticipated, the prediction does not differ from
the simulated image, and no source structure is to be found in the image. This shows that the
network is able to distinguish between source and noise images and is not forcing a source in
every image it gets.
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Figure 5.11: Training and validation loss for a model training with wGAN-
simulated data and noise images.

All in all, the results show that the model is robust against pure noise images in the data
and does not forcefully reconstruct a source in every image. Furthermore, the addition of noise
images and improved normalization layers helped to close the gap between training loss and
validation loss.
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Figure 5.12: Exemplary Fourier space predictions for a training with noise in
the data set. From left to right: prediction, simulation, and difference between
both images. In the top row, the real part is shown, while the imaginary part is
visualized in the bottom row.
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Figure 5.13: Exemplary source predictions for a training with noise in the data
set. From left to right: prediction, simulation, and difference between both images.
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Figure 5.14: Exemplary Fourier space predictions for an image composed of noise.
From left to right: prediction, simulation, and difference between both images. In
the top row, the real part is shown, while the imaginary part is visualized in the

bottom row.
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6.1

Evaluation

In machine learning, quantifiable evaluation methods are necessary in order to validate the results
of the models and also to be able to compare trained models with different parameters. Especially
when it comes to CNNs, showing exemplary image reconstructions, as in , suffices for a
first, quick evaluation, but the impact of varying specific parameters only shows when evaluating
a large number of images at the same time. Thus, this chapter introduces different metrics
and techniques to quantify the reconstruction performance in image space, which corresponds
to the last point in . In , four metrics are introduced and deployed on
the three trained models from , and , which
will be referred to in the following as base, normalized and noise training for simplicity reasons.

provides a detailed look at the performance measured with those four metrics based
on the SNR of the images from the test data set. Finally, examines in detail the
performance of the model during the training process instead of solely at the end of the training.

Metrics

All of the following evaluation methods were deployed on a dedicated test data set consisting of
10000 wGAN-generated images created with the properties described in . Each of the
10000 images was fed to network to obtain a prediction, which was then Fourier-transformed to
image space. For all upcoming metrics, the goal is to compare said predictions in image space to
their simulated counterparts and to quantify deviations.

Source Area

For the first metric, the area of the sources is investigated. This is an important property in
terms of astrophysics, as the morphology of cosmic objects allows conclusions to be drawn about,
e.g., their emission mechanisms. Comparing the predicted and simulated source area ensures
that the morphologies match and no artifacts are created during the network’s inference process.

First, in order to compute the source area, contour levels based on 10 % of the maximum
simulated flux density are calculated using matplotlib [54]. These contour levels surround each
part of the source and can be used to compute the area using the Leibniz sector formula [115]. In
detail, the link between the path integral, approximated by numerically integrating the contour
levels, and the enclosed area is exploited. This is done for both prediction and simulation, and
the obtained values are divided, thus creating a ratio. The optimal value is one in the case where
both areas are the same. When the predicted source area is smaller than the simulated one, the
ratio is smaller than one, and vice versa.

In , the results for the base, the noise, and the normalized training using the source
area evaluation metric are shown. All three metrics peak around the optimal value of one.
The mean values of each model are also very close to one and the standard deviations in the
regime of 1 x 1072, Both the normalized and the noise training outperform the base training in
terms of mean and standard deviation, thus indicating the advantage gained from the improved
normalization technique. When comparing the results for the noise and the normalized model, it
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Figure 6.1: Histogrammed ratios of the areas for the wGAN-simulated sources.
Results shown for the basis training, the training utilizing noisy images, and the
model using the improved normalization method.

turns out that the performance is on a similar level. This proves that the noise model is able to
generalize well and is not negatively affected, in terms of the source area, by the addition of the
noise images. In , all mean values and standard deviations for the evaluation method
investigating the source area are summarized.

Peak Flux Density

Next, the peak flux density is compared between simulation and prediction. This is important to
evaluate the reconstruction of the source’s core, which is usually the location of the peak flux
density. Suppose the core of the source and the peak flux density are well reconstructed. In that
case, it enables the comparison with previous measurements of the same source and possibly
detects fluctuations, which may be caused by changes in the source itself.

First, the same 10 % flux threshold as before is applied to the images. Second, the peak flux
density of both simulation and prediction is computed and compared by creating ratios. The
resulting histograms are shown in . Again, the optimal value is one, while values
lower than one indicate an underestimation of the simulated peak flux density, and values higher
than one indicate an overestimation. All three models produce results that clearly peak around
the optimal value of one, with minor deviations in both directions. The noise model is the one
with the lowest standard deviation, while the base model has the closest mean value to one.
However, the differences are marginal, so no superior model can be identified using this metric.
In summary, all three models are able to reconstruct the peak flux density with high precision.
In , the mean values and standard deviations for this metric are listed.

Integrated Flux Density

For the third evaluation metric, the integrated flux density is computed. This property is
important because, so far, only the area of the source has been evaluated. However, for a good
reconstruction, the integrated flux density must also be regarded. With this metric, the pixel
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Figure 6.2: Histogrammed ratios of the peak flux densities for the wGAN-simulated
sources. Results shown for the basis training, the training utilizing noisy images,
and the model using the improved normalization method.

values inside the source are also checked by summing them up and creating a ratio with the
corresponding values from the simulated source, thus comparing the integrated flux densities.

The boundaries of the source are defined by the 10 % simulated flux cut. After summing up the
corresponding flux densities and creating a ratio, the results shown in are obtained. As
before, the optimal value is one, and values under or over one correspond to an underestimation
or an overestimation, respectively. Again, all the models produce results that peak around the
optimal value with small standard deviations. However, for this metric, it is clear that both the
noise and normalized model outperform the base model since both mean value and standard
deviation are closer to their respective optimal value. The noise model especially stands out since
it provides a mean value similar to the one from the noise model, but the standard deviation
is closer to zero. As with the source area metric, the improved normalization technique offers
an advantage over the base model. Furthermore, the noise model is robust enough not to be
negatively affected by adding pure noise images. provides an overview of all three
models’ mean values and standard deviations for the integrated flux density.

MS-SSIM Index

For the last evaluation metric, the MS-SSIM index [116] was used. For years, this has been a
proven and well-known metric in the field of computer vision. It is based on the Single-Scale
Structural Similarity (SSIM) [117], which divides the index into three comparison measures: the
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Figure 6.3: Histogrammed ratios of the integrated flux densities for the wGAN-
simulated sources. Results shown for the basis training, the training utilizing noisy
images, and the model using the improved normalization method.

and the structure
O.Iy =+ 03

0 6.3
0,0,+C3 (6:3)

s(z,y) =
Here, z and y are the two images to be compared, i, 4 the mean of the corresponding image,
O(s,yy the standard deviation of the corresponding images and o, the covariance between the
two images. C, C, and Cy5 are given by

¢, = (K1 L)2
Cy = (K, L)2 (6.5)
Cy = % . (6.6)

Furthermore, L corresponds to the dynamic range of the pixels and K;, K, < 1 to two small,
scalar constants. The reason for the introduction of C'; 5 3y can be seen when inserting Equation
(6.1), Equation (6.2) and Equation (6.3) into the general definition of the SSIM

SSIM(x, y) = Uz, y)]* [e(z,y))? [s(z,y)]", (6.7)
which results in
(13 + /#5 +Cy)(o7 + Ug +Cy) -

«, B, and y are parameters used for weighting the different terms and have been set to 1 to

SSIM(z,y) = (6.8)

obtain Equation (6.8). To prevent numerical instabilities stemming from the denominator of
Equation (6.8) if it becomes too close to zero, C; and C, are added as small constants.
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The important properties of both SSIM and MS-SSIM can be directly extracted from Equation
(6.8):
o Symmetry: SSIM(z,y) = SSIM(y, z)
o Boundedness: SSIM(z,y) <1
o Unique maximum: SSIM(z,y) =1 for z =y

Thus, the optimal value utilizing this criterion in our case would be close to one and exactly one
if the network was able to reconstruct the simulated target image perfectly.

The critical difference between SSIM and MS-SSIM is that the latter takes different image
resolutions into account because not all details of the image are visible at all resolutions. Thus,
the predicted and the simulated images are iteratively passed through a low-pass filter and
downsampled by a factor of two. At each iteration j, Equation (6.2) and Equation (6.3) are
applied to the filtered and downsampled images. After M — 1 iterations, Equation (6.1) is also
computed. The combination of this leads to the definition of the MS-SSIM

M

MS-SSIM(w,y) = [Las(w,y))™ [ es (o, 9)] ™ [, 9] - (6.9)

Q,, B; and ; are used for weighting the different terms in . [116]
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Figure 6.4: Histogrammed ratios of the MS-SSIM for the wGAN-simulated sources.
Results shown for the basis training, the training utilizing noisy images, and the
model using the improved normalization method.

The results of applying Equation (6.9) to the test data set are shown as a histogram in
All three models score excellent results for this metric, which is proven by the

fact that an extra order of magnitude must be specified for the mean values and the standard
deviations to clarify differences. All histograms peak in the last bin, which is the closest to the
desired value of one. The number of sources in the second most filled bin is an order of magnitude
smaller compared to the last bin. Although the MS-SSIM is not suitable for comparing the three
models with each other, it shows that in terms of computer vision problems, the network is able
to reconstruct images that are almost indistinguishable from the original, simulated images. The

mean values and standard deviations for this metric are summarized in
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Table 6.1: Mean values and standard deviations of the source area, the peak flux
density, the integrated flux density, and the MS-SSIM metric. Results are shown
for all three investigated models.

Method Base Noise Normalized

Source Area 0.970 + 0.092 0.978 +0.077 0.976 4+ 0.070

Peak Flux Density 0.998 + 0.072 0.997 + 0.062 0.997 + 0.064

Integrated Flux Density | 0.978 4+ 0.056 0.982 + 0.037 0.981 + 0.041
MS-SSIM 0.9995 + 0.0016  0.9995 4+ 0.0016 0.9996 + 0.0014

6.2 SNR-based Evaluation

SNRs play a vital role in radio interferometry and VLBI. Frequently, the SNR acts as a detection
threshold for sources. Modern interferometers like Canadian Hydrogen Intensity Mapping
Experiment (CHIME) [25], for example, have a SNR-based detection threshold of 15 [72]. Thus,
it is interesting to investigate the reconstruction performance of the neural network approach
based on the SNR of the evaluated source.

As already mentioned in , the sources have been scaled in a way that their SNRs
range between 1 and 100. On the one hand, this was done to provide the network with a variety
of possible SNRs, which helps the network to generalize and to distinguish source and noise in
the image. On the other hand, this enables the previously mentioned evaluation based on the
SNR of the sources. In this section, the metrics introduced in are analyzed in more
detail regarding the SNRs of the sources in the test data set. The distribution of SNRs in the
test data set is visualized in . The general procedure is the same for all metrics:

1. Definition of categories, starting from 0 to 10 SNR, followed by 10-20 and so on until the
last category, which contains all SNRs above 60

2. Creation of boolean masks based on the categories and masking the test data set

3. Evaluating the test data set with the chosen metric, thus obtaining 10000 ratios or
MS-SSIM indices, respectively

4. Applying the masks to the results and sorting them into the categories

5. Computing mean and standard deviation in each category, resulting in 14 values for each
metric, two for each category

6. Visualizing the results in a scatter plot

With this approach, it is not only possible to compare the SNR categories with each other and
verify the starting hypothesis that the results improve with increasing SNR, but it enables another
detailed comparison of the three models introduced in and previously analyzed in

. Thus, the above-described procedure is applied to the base, the noise, and the
normalized model. The hypothesis of improving results for increasing SNR is based on the fact
that for low SNRs, it is more difficult to distinguish the source from the background noise, and
thus image reconstruction is more complex. This is expected to be visible in the evaluation
metrics.

Source Area

In , the mean values and standard deviations of the seven SNR categories for the area
metric are shown. The values are also listed in . It is directly visible that the expected
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6.2 SNR-based Evaluation

outcome is achieved since the values for all models converge to the optimal values of one for
the mean and zero for the standard deviation. So, this confirms the theory of improving results
for increasing SNR for the area metric. When comparing the three models with each other, it
becomes apparent that the base model produces outliers with high standard deviations both
for low and high SNR, for example, in categories 10 and 60, where the standard deviation is
much higher than in the neighboring groups. Noise and normalized models both perform better
than the base model, which underlines that the alterations to the training routine improved the
trained models. Already for the first category, arguably the hardest because of the low SNR,
the value for the normalized model (0.945 4+ 0.098) is closer to one and zero, respectively, than
the value for the base model (0.937 £ 0.152). Similar to the normalized model, the noise model
features a value of 0.945 4+ 0.074 for the first SNR category. Thus, the adapted normalization
helped the training routine, especially in terms of generalization, because the number of outliers
and the distance to the optimal value were reduced, resulting in lower standard deviations. Also,
it helped to improve the results for low SNRs. Furthermore, the noise model is again seemingly
unaffected by the pure white nose images in the training data set, as it scores similar values in
comparison to the normalized model. This underlines the robustness of the approach.
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Figure 6.5: SNR-based evaluation for the source area metric. Results shown for
the base, the noise, and the normalized model. The SNR categories are color-coded
with different shades of blue, green and yellow which get brighter with increasing
SNR.

Peak Flux Density

The SNR-based evaluation of the peak flux density metric is visualized in . The
corresponding values are shown in . Overall, all three models perform well, especially
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Table 6.2: Mean and standard deviations of the SNR-based area evaluation for
the base, the noise, and the normalized model

‘ Base ‘ Noise ‘ Normalized
SNR ‘ mean std ‘ mean std ‘ mean std
10 0937 £+ 0.152 ] 0945 £+ 0.074 | 0.945 =+ 0.098
20 0946 £ 0.099 | 0.962 =+ 0.086 | 0.959 =+ 0.082
30 0974 £ 0.084 | 0.981 £+ 0.064 | 0.979 =+ 0.060
40 0983 £ 0.068 | 0.989 =+ 0.078 | 0.987 £ 0.059
50 0982 £ 0.071 ]| 0989 £ 0.079 | 0984 =+ 0.065
60 0993 £+ 0.118 | 0.995 £ 0.095 | 0.991 =+ 0.055
> 60| 0991 =+ 0.047 | 0.995 =+ 0.067 | 0.994 <+ 0.052

regarding the mean values. Deviations from the optimal value of one appear in the third decimal
place. The normalized model provides the lowest standard deviations of all models, reinforcing
the impression gained from the area metric. In terms of performance per SNR category, outside
of category 10, all SNRs score comparable results. For category 10, the values are considerably
worse than for every other category. Both effects are expected as this metric compares the peak
flux density, which is not as affected by high noise as the rest of the source. All in all, all models
score excellent results in most SNR categories, with the normalized model being the best by a
slim margin due to the smallest standard deviations.

Table 6.3: Mean and standard deviations of the SNR-based peak flux density
evaluation for the base, the noise, and the normalized model

‘ Base ‘ Noise ‘ Normalized
SNR ‘ mean std ‘ mean std ‘ mean std
10 1.004 =+ 0.103 | 0.994 =+ 0.068 | 0.993 =+ 0.071
20 0994 £ 0.068 | 0.996 =+ 0.062 | 0.996 =+ 0.062
30 0997 £ 0.066 | 0.997 =+ 0.059 | 0.997 =+ 0.062
40 1.000 =+ 0.067 | 1.000 + 0.060 | 0.998 =+ 0.061
50 1.001 =+ 0.069 | 1.000 + 0.063 | 0.998 =+ 0.065
60 0997 £+ 0.072 | 1.001 £ 0.065| 0.999 =+ 0.068
> 60| 0.999 =+ 0.068 | 0.997 <+ 0.065 | 0.996 £ 0.064

Integrated Flux Density

shows the distribution of the SNR-based evaluation of the integrated flux density,
summarizes the values. Similar to the peak flux density, all three models score good

results even for the lowest SNRs, so deviations are visible only on small scales. For the first
three categories, the models diverge the most, with the noise model outperforming the rest
by a slim margin. For higher SNRs, the differences get smaller, and the base, the noise and,
the normalized model each produce mean values close to one and standard deviations close to
zero. For all categories, the noise model provides the slightest standard deviations for each
category. Furthermore, the general trend of improving results for increasing SNR is also visible
for this evaluation metric with no significant outliers. To summarize, the models perform equally
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6.2 SNR-based Evaluation
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Figure 6.6: SNR-based evaluation for the peak flux density metric. Results
shown for the base, the noise, and the normalized model. The SNR categories are
color-coded with different shades of blue, green and yellow which get brighter with

increasing SNR.
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well for the high SNR categories, but for the low SNR categories, the noise model and the
normalized model outperform the base model, with the noise model scoring the best results. The
improved normalization technique applied to the normalized and the noise model helped the
network generalize better, which can be seen from the small standard deviations and significantly
improved the performance for low SNR sources. Again, the general approach is robust enough
not to be influenced by the noise images in the training data set, as indicated by the good

performance of the noise model.
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Figure 6.7: SNR-based evaluation for the integrated flux density metric. Results
shown for the base, the noise, and the normalized model. The SNR categories are
color-coded with different shades of blue, green and yellow which get brighter with
increasing SNR.

MS-SSIM Index

Finally, the results for the SNR-based evaluation of the MS-SSIM are visualized in .
The associated values are listed in . For this metric, the deviations between the different
models and the different SNR categories are even smaller than for the previous metrics. This
is especially visible for the three categories with the highest SNRs, where four decimal places
are necessary to see the differences between the models and between the categories. Again,
the results improve for increasing SNRs, and in the categories with low SNR, the normalized
model has the edge over the base model and the noise model. All in all, performance differences
between the three models are small and only significant for the first two categories. However,
the general hypothesis of improving results for increasing SNR also applies to the MS-SSIM

evaluation metric.
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6.2 SNR-based Evaluation

Table 6.4: Mean and standard deviations of the SNR-based integrated flux density
evaluation for the base, the noise, and the normalized model

‘ Base ‘ Noise ‘ Normalized
SNR ‘ mean std ‘ mean std ‘ mean std
10 0.937 £+ 0.111 | 0.953 4+ 0.058 | 0.953 =+ 0.067
20 0.960 =+ 0.063 | 0.971 £+ 0.042 | 0.970 =+ 0.050
30 0981 £+ 0.044 | 0.984 4+ 0.033 | 0.984 + 0.035
40 0989 £ 0.031 | 0.990 4+ 0.025 | 0.989 =+ 0.027
50 0993 £ 0.029 | 0.992 4+ 0.024 | 0.991 + 0.025
60 0992 £ 0.026 | 0.993 4+ 0.022 | 0.991 =+ 0.023
>60 0995 £+ 0.025 0994 =+ 0.023 1] 0.993 £ 0.023
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Figure 6.8: SNR-based evaluation for the MS-SSIM. Results shown for the base,
the noise, and the normalized model. The SNR categories are color-coded with
different shades of blue, green and yellow which get brighter with increasing SNR.
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Table 6.5: Mean and standard deviations of the SNR-based MS-SSIM evaluation
for the base, the noise, and the normalized model

‘ Base ‘ Noise ‘ Normalized
SNR ‘ mean std ‘ mean std ‘ mean std
10 0.9983 =+ 0.0037 | 0.9984 =+ 0.0033 | 0.9986 + 0.0031
20 0.9991 =+ 0.0020 | 0.9991 =+ 0.0022 | 0.9993 <+ 0.0019
30 0.9995 =+ 0.0010 | 0.9995 <+ 0.0011 | 0.9997 £ 0.0007
40 0.9997 =+ 0.0006 | 0.9997 £ 0.0007 | 0.9998 £ 0.0007
50 0.9998 =+ 0.0005 | 0.9998 £ 0.0006 | 0.9998 £ 0.0005
60 0.9998 =+ 0.0004 | 0.9998 =+ 0.0005 | 0.9998 =+ 0.0006
> 60| 0.9999 =+ 0.0003 | 0.9999 =+ 0.0003 | 0.9999 <+ 0.0002

6.3 Evaluation over Epochs

So far, only the performance of the model at the end of the training after 400 epochs has been
analyzed. In order to examine the effects of noise images in the training data set or an improved
normalization technique, one can also inspect the reconstruction capability during the course of
the training and investigate if these techniques speed up the convergence time. For this purpose,
during the training, a temporary model was saved after every tenth epoch for all three models
(base, noise, normalized). This enables the utilization of the previously introduced evaluation
metrics on said temporary models and, thus, the analysis of the reconstruction capability and
how it changes during the model training. For all four evaluation metrics, the strategy is the
same:

1. Applying the metric to each of the 40 temporary models for each of the base, the noise,
and the normalized model

2. Calculating the mean and the standard deviation of the results
3. Creating three subplots for every possible combination of the three trained models

4. Plotting the mean values against the epoch with the standard deviation as an error band

Utilizing that, it is possible to compare the development of the mean values and the standard
deviations of the base, the noise, and the normalized model and compare the convergence speed.
In contrast to , the cut value on the simulated flux density is 1% instead of 10 % for
the source area, the peak flux density, and the integrated flux density metric. This way, one is
able to analyze the results on an even finer scale.

Source Area

The development of the area reconstruction during the training process is shown in .
Since values smaller than 0 are not physically meaningful, the error band is capped at 0. When
comparing the three models, it becomes visible that both noise and normalized models outperform
the base model during the whole training process. In particular, the oscillations in the standard
deviation, which indicate a temporary departure from the minimum of the loss function, are barely
visible or not visible at all for the other two models. This again underlines the robustness of the
noise and the normalized model gained by adding noise images and improving the normalization
technique. When comparing the noise and the normalized model, both models perform similarly,
especially regarding the mean value. For the standard deviation, the noise model scores lower
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values for the later epochs. This again indicates that the noise model is not negatively affected
by the pure white noise images.
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Figure 6.9: Evaluation over epochs for the area metric. Ratio of areas shown
against number of epochs. The results for the base (orange), the noise (green), and
the normalized (blue) model are shown. The lines correspond to the mean values;
the error bands are created by adding and subtracting the standard deviation from
the mean.

Peak Flux Density

The results of the temporary model analysis for the peak flux density metric are shown in
Figure 6.10. First of all, it becomes apparent that the base model produces massive spikes in
the standard deviation with almost a factor of two to the optimal value. These oscillations get
smaller during the course of the training, but this shows that the base model is much less stable
compared to the other two models in terms of predicting the peak flux density. The mean value
also spikes during the first 300 epochs of the training, which is not visible for the noise and the
normalized model. Furthermore, the noise and the normalized model score similar results for
both the mean values and the standard deviations, with the normalized model providing fewer
fluctuations in the first 150 epochs. or the peak flux density, the training of the normalized
model could have been terminated after about 50 epochs, and it would have achieved comparable
results to the base model, which was trained for 400 epochs. This means that by using the
improved normalization technique it is possible to reduce computing time by ~ 87.5 % and still
get the same good results for the peak flux density as without the improved normalization.
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Figure 6.10: Evaluation over epochs for peak flux density metric. Ratio of peak
flux densities shown against number of epochs. The results for the base (orange),
the noise (green), and the normalized (blue) model are shown. The lines correspond
to the mean values; the error bands are created by adding and subtracting the
standard deviation from the mean.
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6.3 Evaluation over Epochs

Integrated Flux Density

In Figure 6.11, the results of the evaluation over epochs analysis for the integrated flux density
are visualized. Similar to the results for the source area metric, the normalized model and the
noise model perform on a similar level while clearly outperforming the base model. Furthermore,
the standard deviations computed for the base model spike multiple times, indicating instabilities
in the learning process that are much smaller or do not occur at all for the other two models
due to their specifications. In contrast to the result of the base model in Figure 6.10, the mean
values and the standard deviations of the base model do not improve significantly during training
but remain mainly on the same level. The noise and the normalized model, however, improve
their reconstruction capability and thus show a learning effect regarding the integrated flux
density metric. In summary, adding noise images to the training data set and improving the
normalization technique significantly raise the model’s capability to enhance its reconstruction
for the integrated flux density and provide an overall more stable training process.
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Figure 6.11: Evaluation over epochs for integrated flux density metric. Ratio
of integrated flux densities shown against number of epochs. The results for the
base (orange), the noise (green), and the normalized (blue) model are shown. The
lines correspond to the mean values; the error bands are created by adding and
subtracting the standard deviation from the mean.
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6 Evaluation

MS-SSIM Index

The results of the evaluation over epochs analysis for the MS-SSIM index are shown in Figure 6.12.
Since values over one are not possible for this metric, the upper limit of the error band is capped
at one. Similar to the results of Section 6.1 and Section 6.2, the differences between the three
models are only visible on a small scale, in this case in the third decimal place. Similar to the
previous results, the noise and the normalized model both score results on a similar level and
outperform the base model for every epoch in terms of mean values and standard deviations.
Also, there are no significant spikes in the standard deviation for any of the models. Thus, the
normalization technique’s effectiveness and the noise model’s robustness are again verified.
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Figure 6.12: Evaluation over epochs for the MS-SSIM. MS-SSIM shown against
number of epochs. The results for the base (orange), the noise (green), and the
normalized (blue) model are shown. The lines correspond to the mean values; the
error bands are created by adding and subtracting the standard deviation from
the mean.

In summary, the results of this chapter show that the normalized model is an upgrade over the
base model. It outperforms the base model in all four evaluation techniques, provides a better
reconstruction capability for low SNR sources, and scores better mean and standard deviations
for the evaluation metrics after ten epochs than the base model produces after 400. Furthermore,
it allows a more stable training process. The noise model also outperforms the base model for all
instances, and the overall scores are similar to those of the normalized model, thus proving the
approach’s resilience to noise and artifacts in the data. Consequently, the improved normalization
technique is used for all subsequent training routines presented in this thesis.
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7.1

Uncertainty Estimation

The ability to provide uncertainty estimations in addition to the reconstruction of a neural
network plays a vital role in the integration of deep learning algorithms in the everyday world and
gets increasingly popular. Especially in medicine, there are promising approaches for uncertainty
estimations computed by neural networks in the fields of radiology [35] and Magnetic resonance
imaging (MRI) [31], which share some similarities with the topic of this thesis. By analyzing
an uncertainty map, one can get insights into features that are hard to reconstruct and thus
need more representation in the training data set. This chapter presents the idea which enables
the network to provide uncertainty estimates alongside the predictions and shows results for
some of the models introduced in previous chapters. In , the necessary adaptions
to architecture and other parameters of the training process are shown. The sampling process
transforming the uncertainties from Fourier space to image space is explained in

Finally, the results and evaluation methods of the uncertainty models are presented in

Adaptions to the Training Routine

In order to prepare the model introduced in for the task of providing an uncertainty
estimation in addition to the already existing assignment of reconstructing the input images,
several critical components of the training routine have to be altered. The first one is the
architecture itself. In contrast to previous approaches [97], which were based on two separate
architectures, one for the predictions and one for the uncertainty estimation, the existing
architecture from is expanded. This is visualized in . The architecture
largely remains unchanged except for the last convolutional layer, which has an increased number
of output channels, from 2 to 4. Thus, the model cannot only predict the real and the imaginary
part but also estimate the corresponding uncertainty for both the real and imaginary part, which
is shown in on the right side. A detailed overview of the layers and their parameters
is provided in

However, more than just increasing the number of output channels is required to enable
uncertainty estimation by the model. The general idea behind the expansion of the number of
output channels of the last convolutional layer is that the network should not only predict one
value per pixel but two: The mean p and the variance o2 of a Gaussian distribution. Thus, the
loss function also needs to be adjusted. For this, the so-called S-Negative Log-Likelihood (NLL)
loss [101] was chosen. It is based on the NLL of a Gaussian distribution, which is defined by the
p and o predicted by the architecture:

logo®(z)  (u(z) —y)*

2 202(x)

x and y represent the input and the target image, respectively. This loss is also referred to as

Ly (@,y) = (7.1)

variance attenuation and has the problem of underestimating the gradients of poorly predicted
values [113]. Thus, an improved version of Equation (7.1) was proposed in [101] defined by:

L/B—NLL(mv y) = stop (02’6) Ly (2,y). (7.2)
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Figure 7.1: Schematic representation of the architecture used for the uncertainty
estimation. The central part consists again of 16 residual blocks utilizing skip
connections. The architecture is finished with a post block whose final convolution
features four instead of two output channels. These additional two output channels
are utilized to estimate uncertainty.

Table 7.1: List of parameters for the architecture depicted in . C;, and
C, . stand for the number of input and output channels, respectively. The main
difference compared to is the number of output channels C ., which was

increased from 2 to 4.

Module Layer Cy, Cou Kernel Stride Padding
Convolution 2 64 (9x9) 1 4
PreBlock PReLU 64 64 - - -
Convolution 64 64 (3x3) 1 1
Instance Norm 64 64 - - -
PReLU 64 64 - - -
ResBlock (x16) 10/ volution 64 64 (3x3) 1 1
Instance Norm 64 64 - - -
Elementwise Sum 64 64 - - -
Convolution 64 64 (3x3) 1 1
PostBlock Instance Norm 64 64 - - -
Elementwise Sum 64 64 - - -
FinalBlock Convolution 64 4 (9x9) 1 4
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7.2 Creating Uncertainty Maps in Image Space

Here, “stop” corresponds to the gradient-stop operation of pytorch, which prevents the
computation of gradients on this part of the loss function. The inner part of the “stop” in
Equation (7.2) consists of the predicted variance with an extra parameter 3 in the exponent and
is utilized for weighting the loss function. This extra term reduces the adverse effects of Equation
(7.1) on poorly-predicted values. The role of 0 < 8 < 1 is to control this weighting with the
boundary cases of 8 = 0 (effectively using Equation (7.1)) and 8 =1 (converting Equation (7.2)
to a specialized MSE loss that is capable of estimating uncertainties). As suggested in [101] and
derived by tests, for this thesis, 5 is chosen to be 0.5.

Since the loss function requires that the network predicts the mean and the variance, limiting
the possible value range of the two uncertainty channels to only positive values > 0 is necessary.
However, as the variance is featured in the denominator of Equation (7.1), it needs to be ensured
that the values are not too close to zero to prevent numerical instabilities. Thus, a traditional
ReLU function, e.g., cannot be used because it cuts all negative input values to zero, as seen in
Equation (3.4). Hence, an adapted version of the ReLU function was created, which is called
GeneralReLU and which adds a small value of 1 x 10719 in order to prevent numerical instabilities.
This function is applied after the last convolutional layer of the architecture and only on the
channels dedicated to the uncertainty estimation. A visualization of this function is shown in

10°

GeneralReLU

1072 .

1074 1

1076

10~8

10710 .

—0.4 —0.2 0.0 0.2 0.4

Figure 7.2: Altered ReLLU function for the uncertainty estimation, called General-
ReLU. Negative input values x lead to a constant value of 1 x 107! for f(z).

7.2 Creating Uncertainty Maps in Image Space

Since the original idea of reconstructing the real and the imaginary part in Fourier space has
stayed the same with the implementation of uncertainty estimations, it is necessary to transfer
these uncertainty estimations to image space. One possible way to achieve this is outlined in
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7 Uncertainty Estimation

. As described in , the output of the neural network consists of a mean value
p and a variance o2 on a per-pixel basis. This can be used to define a Gaussian distribution for
each pixel in the image. From this distribution, a fixed amount of values ng, o5 is drawn, e.g.,
100, resulting in 100 versions of the same pixel and, thus, 100 versions of the same image. In an
ideal scenario, the following statements are valid:

1. Each value of each pixel is close to the value of the simulated pixel at the corresponding
pOSitiOIl, because p’pred ~ Msimulated:

2. The 100 versions of the sampled pixel value are similar to each other, because o2 ~ 0.

sampled real
distribution

sampled source
distributions

iFFT

standard

mean deviation

sampled imaginary
distribution

Figure 7.3: Visualization of the sampling process. For both real and imaginary
part, n pixel values are sampled from the Gaussian distributions defined by
Pprea and o?. Next, the sampled real and imaginary distributions are transformed
using the inverse Fourier transformation, resulting in ng,, .5 source distributions
in image space. From these, pixel-wise means and a standard deviations are
computed, resulting in a prediction in image space and a corresponding uncertainty
map. Taken and adapted from [97].

samples

If both of these statements are true, the sampled versions of the real and the imaginary part

differ only marginally. In the case of a non-optimal training, however, the n versions of the

samples
pixels may differ significantly or feature pixels that do not match their simulated counterparts.
After sampling, the inverse Fourier transformation is applied to the sampled real and imaginary
distributions, thus creating ng,, s source distributions in image space. From this, the pixel-
wise mean and standard deviation are calculated, producing a prediction and a corresponding

uncertainty map in image space. Examples of the results of this sampling process are shown in
However, one particular aspect must be taken into account: If the normalization function

(5.5) is used, the output of the neural network needs to be rescaled using Equation (5.6) before
inference can occur, as explained in . Thus, the uncertainty estimation of the network
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7.3.1

7.3 Results and Evaluation Methods

also needs to be adjusted accordingly. This is done by error propagation. For the sake of
simplicity, correlation effects are disregarded. Under the assumption of small standard deviations
predicted by the network, the following applies:

dy .
Ay = @Aw with ¥y = & ormalized * Timage + Himage (7.3)
dy
a = Timage = Ay = Oimage Az. (74)

Ax and Ay are the standard deviations before and after the propagation, respectively. The basis
for this is the Taylor series

3 1 dy() 1 d*y(x) , 1 d%y()

vt An) =yle) =g At g (AT T

which can be neglected after the second term because the contribution of the remaining terms

(Ax)P 4. (7.5)

is vanishingly small due to small standard deviations Az. After rearranging some terms in
Equation (7.5), Ay = %Am is obtained, which is the first term of Equation (7.3). Thus, the
predicted standard deviations are multiplied with ¢;,,,., Which is acquired when applying the
normalization using Equation (5.5), in order to propagate the uncertainties.

Results and Evaluation Methods

In the following subsections, uncertainty models trained on different training data are evaluated
using the four evaluation methods introduced in . In accordance with the sampling
procedure explained in , the evaluation methods are deployed on a test data set
consisting of sampled images. Additionally, the number of simulated source pixel values within
the 1o interval of the predicted pixel values of the source is examined. For this purpose, the
estimated mean and standard deviation per pixel are used to mark the 1 ¢ interval for all pixels,
clearing the threshold of 1% of the maximum simulated flux density. This threshold is introduced
to prevent potential noise artifacts in the background from skewing the distribution. The number
of simulated pixel values lying within the interval is then determined using a boolean mask.
This number is then divided by the total number of pixels in the image to obtain a percentage.
This procedure is performed for every image in the test data set, thus obtaining one value per
image. Eventually, the percentages are illustrated in a histogram. This enables a quick and
straightforward evaluation of the agreement between the predicted mean and standard deviation
on the one side and the simulated pixel values on the other. High percentages generally indicate a
good reconstruction. However, this method has a drawback: Overestimated standard deviations
can also cause high percentages, which can thus falsely indicate a good agreement between
prediction and simulation. Therefore, the orders of magnitude of both mean and standard
deviation are also considered while analyzing the results.

FRI and FRII Sources

First, the GAN-simulated sources introduced in are used as the training data set for
an uncertainty training. The parameters and pre-processing steps described in are
also applied here with the exceptions explained in . Due to the different loss function,

which features two parameters to be estimated, the training process is less stable. This is also
reflected in the loss curve shown in .

illustrates the real part of the neural network prediction in Fourier space. The
simulated real part is shown on the top left, the predicted p and the predicted o for the real
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7 Uncertainty Estimation

part on the top right and the bottom left, respectively, and the difference between the p and
the simulated image is visualized on the bottom right. The simulation and the prediction are
in good agreement both in shape and in flux density, which is confirmed by the difference plot.
There are no major background artifacts visible, and the maximal difference is an order of
magnitude smaller than the maximum flux density. Furthermore, the highest values of the
estimated uncertainty are located in the region where also the difference has its maximum, which
is the expected behavior. Additionally, the estimated uncertainty seems not to be overestimated
as the values reside in approximately the same range as the difference values, which is important
for the 10 interval evaluation method introduced above.
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Figure 7.4: Prediction and estimated uncertainty for the real part of a recon-
structed GAN-generated source. From top to bottom, from left to right: Simulated
image, prediction, uncertainty, and difference between simulation and difference.
Similar conclusions can be drawn from the imaginary part shown in . Again, the

simulated imaginary part is visualized on the top left, the predicted p and o on the top right
and the bottom left, respectively, and the difference between u and simulation is illustrated on
the bottom right. The central part of the prediction matches the corresponding part of the
simulation very well, which can also be seen from the small differences. However, two vertical
lines of pixels at the top (and due to the symmetry also at the bottom) of the image feature the
same value and thus are not correctly reconstructed. Nevertheless, this is not overly significant
since this region only marginally contributes to the source in image space. Also, the regions are
not represented in the estimated uncertainty, indicating a possible systematic offset. For the
other parts of the images, the uncertainty roughly matches the shape of the highest deviations
visible in the difference.
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Figure 7.5: Prediction and estimated uncertainty for the imaginary part of a
reconstructed GAN-generated source. From top to bottom, from left to right:

Simulated image, prediction, uncertainty, and difference between simulation and
difference.
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7 Uncertainty Estimation

After applying the sampling process described in on the real and the imaginary
predictions shown in and , the reconstructed source in image space is
obtained, which is visualized in . The structure of the plot is the same as before:

Simulation and prediction on the top half of the image, sampled uncertainty, and difference on
the bottom half. Simulation and prediction are in good agreement both in shape and flux density.
The central part of the source is well reconstructed, which is confirmed by the small differences.
Two small structures above and below the primary source are missing in the reconstruction,
probably due to their low flux density. Furthermore, the estimated uncertainty clearly matches
the shape of the difference except for one of the missing structures. In terms of flux density
values, both difference and estimated uncertainty feature values an order of magnitude smaller
than the maximum simulated flux density, and thus, no indication of an overestimation of the
uncertainty is present.
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Figure 7.6: Sampled prediction and uncertainty estimation of the GAN-generated
source in image space. From top to bottom, from left to right: Simulated image,
prediction, uncertainty, and difference between simulation and difference.
In , the histogram of the percentages of simulated flux densities within the predicted

1o interval is presented. The distribution is spread from approximately 20 % to 100 %, with a
mean of 62.492 % and a standard deviation of 11.890 %. Not all pixels are expected to be within
the 1o interval since, for some sources, parts with low flux density are not well reconstructed,
and not always are these parts covered by the uncertainty. Overall, more than half of the pixels
are within the interval, which is a good result but leaves room for improvement.

For the last evaluation step, the four metrics introduced in are applied to a sampled
data set of 10000 sources. The results are plotted in . On the top half, the source
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Figure 7.7: Histogram of the percentage of simulated flux densities within the
predicted 1o interval. The distribution peaks around 60 %, with images reaching
nearly 100 % and images going as low as 20 %.

areas (left) and the integrated flux densities (right) are shown, and on the bottom half, the
peak flux densities (left) and the MS-SSIM (right) are visualized. All four metrics produce
equally good results, with their distributions peaking clearly around their respective optimal
values. Furthermore, the mean values are all above 0.9 with minor standard deviations. Thus,
the conclusion can be drawn that the model is still able to perform the reconstruction at a high
level despite the additional effort required to estimate the uncertainty.

Protoplanetary Disks

Furthermore, an uncertainty model was trained on the simulated protoplanetary disks introduced
in . The architecture was adapted in comparison to : the application of the
modified ReLU function shown in was excluded from the gradient calculation during
the backpropagation. Since this operation is based on a statistical constraint, it should not be
part of the training process and, therefore, not be modified in any way or contribute to the loss
calculation. Also, the number of images in the training, the validation, and the test data set
were adjusted. This was necessary due to rising computational costs triggered by the increased
image sizes of 512 px x 512 px compared to 128 px x 128 px for the GAN-generated sources from

. The training data set now comprises 1500 images, while the validation data set
contains 300 images. Still, the 20 % split is in effect. The trained model was then evaluated on a
test data set of 1000 additional images. The training and the validation loss are visualized in

In , an exemplary real part of the neural network output is visualized. The simulated
image is shown on the top right, the predicted p and o on the top left and bottom left, respectively,
and the difference between the simulation and g is illustrated on the bottom right. As large parts
of the image contain small values, a 90 px x 90 px segment of the central part of the image is
shown. Overall, the predicted p is in good agreement with the simulated values. The structures
are also well-reconstructed. This is confirmed by the difference, which shows only small deviations
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Figure 7.8: Histograms visualizing the results of the four evaluation methods
introduced in . From top to bottom, left to right: Source area, integrated
flux density, peak flux density and MS-SSIM. For every histogram, the results’
respective optimal value, mean, and standard deviation are shown. All four
evaluation methods are in good agreement with their respective optimal values.



7.3 Results and Evaluation Methods

an order of magnitude smaller than the maximum flux. The uncertainty estimation features
higher values in the segments where also the main structures of the prediction are located, which
is expected since the reconstruction is not perfect. Additionally, the uncertainty seems not to be
overestimated, which is supported by comparing the maximum uncertainty of ~ 6 x 1072 Jy/px
to the maximum flux density of ~ 6 x 107! Jy/px.
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Figure 7.9: Prediction and estimated uncertainty of the real part. From top to
bottom, from left to right: Simulated image, prediction, uncertainty, and difference
between simulation and difference. For a better visualization a section of 90 px x
90 px in the central part of the image is shown.

The corresponding imaginary part is illustrated in . Again, the simulated image is
shown on the top left, the predicted p and o are shown on the top right and the bottom left,
respectively, and the difference between simulation and g is illustrated on the bottom right.
Similar to the images displayed in , just a section of 90px x 90px in the central
part of the images is shown. The shapes and pixel values of both p and the simulation match
well. Furthermore, the difference shows no major structures, which confirms that the shapes are
in good agreement. Also, the maximum difference is an order of magnitude smaller than the
maximum flux density of the prediction, which underlines this statement. Similar to ,
the estimated uncertainty is two orders of magnitude smaller than the prediction’s maximum
flux density, indicating that the uncertainty is not overestimated. Additionally, the uncertainty
features no artifacts in regions outside of the main structure.

When using the real part from and the imaginary part from as the
input for the sampling process described in , the protoplanetary disk visualized
in is obtained. Similar to the figures shown before, the top half illustrates the
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Figure 7.10: Prediction and estimated uncertainty of the imaginary part. From
top to bottom, from left to right: Simulated image, prediction, uncertainty, and
difference between simulation and difference. For a better visualization a section
of 90 px x 90 px in the central part of the image is shown.



7.3 Results and Evaluation Methods

simulated protoplanetary disk on the left and the sampled prediction on the right, and the
bottom half features the estimated uncertainty on the left and the difference between prediction
and simulation on the right. The prediction matches the simulation very well in both shape
and pixel values. Only a small underestimation of flux density in the outer ring and the core is
visible, as confirmed by the difference. Furthermore, the prediction does not feature artifacts or
blurred structures, indicating a good reconstruction. The shape of the estimated uncertainty
matches almost completely the structure of the difference and shows no other hotspots, which is
in line with the expectations of a reasonable uncertainty estimate.
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Figure 7.11: Sampled prediction and uncertainty estimation of the simulated
protoplanetary disk in image space. From top to bottom, from left to right:
Simulated image, prediction, uncertainty, and difference between simulation and
difference.

The results of the method described above for evaluating the number of simulated flux densities
within the predicted 1o interval are displayed in . Most of the source pixels lie within
the interval and thus indicate an excellent reconstruction and a good estimated uncertainty.
Furthermore, as confirmed by , , and , there are no signs of a
potential overestimation of the uncertainty, validating the statement above.

Finally, displays the results of the four evaluation methods described in
applied to a data set of 1000 sampled protoplanetary disks. The source area is shown on the
top left, the integrated flux densities on the top right, the peak flux densities on the bottom
left, and the MS-SSIM is visualized at the bottom right. All plots show the respective optimal
value, the mean, and the standard deviation. Overall, the performance of all four methods is
excellent. Every distribution peaks clearly at the optimal value with a mean close to one and a
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Figure 7.12: Histogram of the percentage of simulated flux densities within the
predicted 1o interval. The distribution peaks near 100 %, which shows that almost
all simulated flux densities of the source are within the 1o interval.

small standard deviation. Especially the results for the integrated flux densities and for the peak
flux densities show no significant outliers and produce standard deviations an order of magnitude
smaller than the mean. The results for the MS-SSIM are nearly indistinguishable good, as they
do not differ until the seventh decimal place.

To summarize, the uncertainty model trained on the protoplanetary disks produced excellent
results for both the reconstruction of the protoplanetary disk as well as the estimated uncertainty.
All four evaluation methods provide distributions that clearly peak around the optimal value,
and the histogram in illustrates that the overwhelming majority of the simulated
source pixels are within the 1 o interval of the prediction. Furthermore, there are no indicators
that the uncertainty is overestimated, as can be seen in , , and
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Figure 7.13: Histograms visualizing the results of the four evaluation methods
introduced in . From top to bottom, left to right: Source area, integrated
flux density, peak flux density, and MS-SSIM. For every histogram, the results’
respective optimal value, mean, and standard deviation are shown. All four
evaluation methods are in good agreement with their respective optimal values.
Especially, the integrated flux densities clearly peak at one without significant
outliers. The results for the MS-SSIM are very close to the optimal value of one
and do not differ until the seventh decimal place.
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7.3.3

7 Uncertainty Estimation

Unknown Shapes

A frequently discussed question when dealing with neural networks is how the trained model
handles unknown data, whether in flux density or shape. Since the network can only derive
information about the parameter space from the data with which it was trained, the goal for the
training data is always to provide a balanced and comprehensive set of examples to support the
generalization of the network. In physics and astronomy, in particular, it is essential to prevent
an over-restriction of algorithms used during the analysis to be able to identify new physics or
cosmic source types. Providing an uncertainty estimate in addition to the reconstruction of a
neural network is a helpful tool for such a task. Thus, in this subsection, the trained models
introduced above are fed with unknown data, and the output is analyzed.

x1071 x107*
oh o}
2.0 >, >
- -
~ ~
1.5 2 Z
1.0 © [
A A
0.5 & g
EH o
0.0
0 7 - 2
Uncertainty Difference "
25 6 . o
T 1 ks
% 50 57 . =
'% 4 > o L ro =
~ 75 N 1 z
~ o)
3 b L 1A
100 ] %
9 =
125 . : ; -2
0 50 100 0 50 100
Pixels Pixels
Figure 7.14: Output of the model trained on the protoplanetary disks for a
GAN-generated source. From top to bottom, from left to right: Simulated image,
prediction, uncertainty, and difference between simulation and difference.
First, the GAN-generated source illustrated in was fed to the model trained on
protoplanetary disks, resulting in the output shown in . The reconstruction is worse

than the one produced by the model trained on those sources, which is expected since it is a
different source type. However, the main source shape can still be recognized in the prediction,
and the flux density is in the correct order of magnitude. This cannot be taken for granted, as
even the image size is different. As described above, the protoplanetary disk simulations feature
image sizes of 512 px x 512 px, while the GAN-generated sources have dimensions of 128 px x
128 px. Furthermore, as presented in and , the FoV is also different for
both simulations, explaining why there seems to be a zoom effect for the prediction in comparison
to the simulation. Thus, the model is capable of adapting to new image sizes and different scales
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7.3 Results and Evaluation Methods

on which information is missing in Fourier space. It should also be noted that both simulations
were carried out with different array layouts, the VLA for the GAN-generated sources and ALMA
for the protoplanetary disks. Therefore, only certain parts of the (u, v) plane are accessible for the
respective simulation, as can be seen when comparing Figure 4.6 and Figure 4.11. Nevertheless,
the protoplanetary-disk-model is able to reasonably fill in the gaps between the visibilities of
the VLA-based simulation. Additionally, the uncertainty estimation matches the shape of the
difference, except for the unreconstructed part at the top right of the primary source, which
has a low flux density. The values for the uncertainty are a bit underestimated in comparison
to the difference in flux density between the simulation and the prediction. To summarize, the
model trained on the protoplanetary disks is able to handle unknown source shapes measured
by a different observatory, even though the reconstruction performance suffers a bit and the
uncertainty is underestimated. If this was new physics in the form of a previously unknown
source type, physicists would be able to get a reasonable estimate of the source’s shape paired
with an indication from the uncertainty to perform a detailed analysis carried out manually.
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Figure 7.15: Reconstruction and uncertainty estimation of an image of a cat. The
model was trained on the protoplanetary disks. From top to bottom, from left to
right: Simulated image, prediction, uncertainty, and difference between simulation
and difference. Tmage data taken from scikit-image [114], picture taken by Stefan
van der Walt.
This statement can be confirmed by analyzing the reconstruction shown in Figure 7.15. In

order to test the network’s robustness, an image of a cat was fed to the model trained on
protoplanetary disks. The image was resized beforehand to a size of 512 px x 512 px to match
the image sizes the model was trained on. After Fourier-transforming the image, the real and
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7 Uncertainty Estimation

imaginary parts were fed to the network. Afterward, the output was sampled as described in
. As shown in , the central parts of the cat can be reconstructed, e.g., the
eyes or the snout. Furthermore, a tiny protoplanetary disk is reconstructed at the center of the
image, which is expected since the model only knows protoplanetary disks. When looking at the
estimated uncertainty, it becomes evident that the sections of the image featuring the highest
uncertainty are the disk-like structure in the center and the noise-like structures enclosing the
center. Furthermore, the parts correctly adopted from the input, e.g., the eyes and parts of the
snout, also show the lowest uncertainty. This indicates that the model is more confident with
the cat’s eyes and snout than with the protoplanetary disk, precisely the behavior one would
expect from a model capable of estimating the prediction’s uncertainty. Treating the cat image
as a new source type, it becomes clear that the model is still trying to reconstruct the shape
it was trained on but is able to indicate through the estimated uncertainty that the analyzer
should take a closer look at the reconstruction and perform a manual analysis if necessary.
In summary, the adaptions to the architecture and the training routine introduced in
enable the model to estimate the uncertainty corresponding to the prediction. Thanks to the
sampling approach described in , the uncertainty can also be translated to the image
space. The results presented in confirm that the approach is working while only
slightly decreasing the reconstruction performance. When feeding unknown source shapes to
pre-trained models, the reconstruction capability differs depending on the similarities between the
new source shape and the one the model was trained on. In any case, the uncertainty estimation
serves as a reliable indicator for potential unknown source types calling for an in-depth, manual
analysis.
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8.1

Reconstruction of Interferometric Measurements

As indicated in previous chapters, the ultimate goal is to apply the neural network approach to
measured interferometric data in order to clean and reconstruct it. To achieve this, improvements
to the training routine and architectures were first deployed and evaluated on the smaller
GAN-generated images, see and . The knowledge gained from these tests
is incorporated here, such as parameters and alterations for the training routine ( ),
modifications to the training data in order to minimize data-simulation mismatches ( ),
and the ability to provide uncertainty estimations ( ). For the measured data, the
DSHARP data set was chosen, as described in . The reasoning behind this is explained
in , as well as the pre-processing steps performed before feeding the data to the
network. In , the predictions in Fourier space are shown and analyzed, while in
, the reconstructions in image space are visualized.

Pre-processing of the DSHARP Data

An overview of the cleaned protoplanetary disks observed for DSHARP was shown in .
There are multiple reasons why the DSHARP observations were chosen to be reconstructed by
the neural network approach presented in this thesis:

o The number of sources measured by ALMA (20) is relatively small. This speeds up
computation time and enables a more in-depth analysis for single sources, which would be
more complicated for a larger data set.

e The source shape varies but in a limited range. Great deviations in shape complicate the
simulation process because a large number of features have to be accounted for.

e There already is a simulation foundation, as mentioned in . The results of the
bachelor thesis by Andreas Maisinger [70] proved to be a good starting point to refine and
improve the existing simulations of protoplanetary disks inspired by DSHARP.

e The DSHARP data is publicly available in multiple data formats such as FITS and
measurement sets (ms), which is the input data format for WSCLEAN. Thus, the DSHARP
data can also be cleaned by an established approach like WSCLEAN and then be compared
to the results of the neural network.

Before the DSHARP data can be fed to the neural network model, some pre-processing steps
have to be taken. First, the relevant data is extracted from the ms files and split into real and
imaginary parts. At this point, the data can be gridded by the gridder implemented in pyvisgen.
This ensures that the gridding process is comparable to the one used for the DSHARP simulations
introduced in . Furthermore, the relevant parameters for the gridding were chosen to
be the same for both simulations and observed data: An image size of 512px x 512px and a
FoV of 9”. This is consistent with the original FoV chosen by researchers [1]. Additionally, some
data points may have been flagged by the observers, meaning that problems occurred during

"https://almascience.eso.org/almadata/1p/DSHARP/
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8.2

8 Reconstruction of Interferometric Measurements

the observation and that these particular data points should not be considered for the analysis.
This is also taken into consideration before gridding the visibilities. After the gridding process is
completed, the DSHARP data is ready for reconstruction by the neural network model.

Reconstruction in Fourier Space

The uncertainty model trained on the DSHARP simulations was chosen to reconstruct the
DSHARP observations. Exemplary reconstructions of said model on simulated data are shown
in , e.g., and . The model was selected not only because it
was trained on the DSHARP simulation but also because it is able to provide an additional
uncertainty estimation alongside its reconstruction. The concept behind the uncertainty approach
was presented in .

In , the real part of the neural network reconstruction of the protoplanetary disk
“Elias 24” is visualized. On the left side, the input image is shown, the prediction by the neural
network is displayed in the center, and the estimated uncertainty is plotted on the right side.
Because large parts of the image are filled with near-zero values, a section of 90 px x 90 px in
the central part of the image is shown. When comparing the input image and the prediction,
it is noticeable that the missing pixel values in the central part of the section are filled in by
the model, which is in line with the expected behavior. However, the overall flux density is
underestimated by a factor of ~ 100. For the estimated uncertainty, the parts that were filled
in by the neural network feature a higher uncertainty than the parts that remain essentially
unchanged, which matches the behavior seen in . The uncertainty values are also
small in comparison to the prediction.
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Figure 8.1: Output of the neural network model for the real gridded visibilities of
the protoplanetary disk “Elias 24”. From left to right: Input to the neural network,
prediction and estimated uncertainty. For a better visualization, a section of 90 px
x 90 px in the central part of the image is shown.
The corresponding imaginary part of the prediction is shown in . Again, the input

image is shown on the left, the prediction in the middle, and the estimated uncertainty on
the right side. For the same reason as before, a section of 90px x 90px in the central part
of the image is displayed. Similar to the real part, the pixels with a flux density of zero are
reconstructed by the neural network model. Furthermore, the shape of the estimated uncertainty
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8.3 Reconstruction in Image Space

matches the shape of the reconstructed pixels. However, similar to the real part, the predicted
flux density is &~ 100 times smaller than the input image, and the values for the uncertainty are
three orders of magnitude smaller than the values for the prediction.
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Figure 8.2: Output of the neural network model for the imaginary gridded
visibilities of the protoplanetary disk “Elias 24”. From left to right: Input to the
neural network, prediction and estimated uncertainty. For a better visualization, a
section of 90 px x 90 px in the central part of the image is shown.

8.3 Reconstruction in Image Space

Utilizing the sampling approach presented in , which translates the uncertainty from
Fourier to image space, it is possible to obtain a reconstruction of the protoplanetary disk
“Elias 24” in image space alongside an estimation of the uncertainty. For this, the real and the
imaginary predictions shown in and are used as input for the sampling
process. One hundred versions of the predicted protoplanetary disk in Fourier space are drawn
from the Gaussian distribution defined by the prediction and the uncertainty. Next, the images
are translated to the image space via a Fourier transformation, and the mean and the standard
deviation are calculated for all pixels in the image, resulting in the reconstruction in image space
displayed in .

In addition to the output of the neural network, also features a reconstruction
performed by WSCLEAN for comparison. The cleaning was obtained using the parameter
settings listed in . Because WSCLEAN returns cleaned images with the unit Jansky per
beam, the beam has to be corrected for in order to conduct a meaningful comparison between
the results of the neural network and WSCLEAN. Thus, the beam area is calculated using

2m bmin . bmaj

A = 8.1

beam ] 111(2) ( )

Here, b,;, is the Full Width at Half Maximum (FWHM) of the minor axis of the beam and
bimaj is the FWHM of the major axis [106, 39]. Note that this alters the flux densities, but the

beam-smearing effect, e.g., visible through the expansion of source structures, remains unchanged.
After that, the cleaned image is divided by the beam area value and multiplied by the squared
pixel size to obtain the unit Jansky per pixel.
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8 Reconstruction of Interferometric Measurements

Table 8.1: Overview of the parameter settings of WSCLEAN used to clean the
protoplanetary disk “Elias 24”

Parameter Setting
size 512 px
scale 17.58 asec
mgain 0.8
gain 0.1
niter 500000
auto-mask 1
auto-threshold 0.3
padding 1.3
weight briggs
The resulting beam-corrected image is displayed on the top left of . The sampled

network-based prediction and the sampled standard deviation of the protoplanetary disk are
shown on the top right and the bottom left, respectively. On the bottom right, the difference
between the cleaned image from WSCLEAN and the neural network-based prediction is visualized.
It is noticeable that the location of the core and the extent of the rings of the protoplanetary disk
are very similar for both cleaning approaches, which is confirmed by investigating the difference
plot. In contrast to the WSCLEAN cleaning, the prediction of the neural network features a
decreased decline in flux density when moving from the core to the outer rings, resulting in
increased visibility of said rings. The overall flux density is approximately one order of magnitude
higher for the WSCLEAN cleaning. The estimated uncertainty also shows the general shape of
the protoplanetary disk. However, sidelobes and artifacts are displayed that seem not directly
related to the source. The overall uncertainty values are an order of magnitude smaller than in
the prediction, indicating that the network is rather certain about the predicted flux densities.

In summary, the neural network-based approach is able to reconstruct a protoplanetary disk
measured for DSHARP. The structure of the disk is clearly visible, and no significant artifacts
or background noise is visible in the reconstruction. The location of the core and the rings is
similar in comparison to an image cleaned by WSCLEAN. The estimated standard deviation
is small compared to the prediction and features the general shape of the protoplanetary disk.
Improvements can be made in terms of sidelobes and artifacts in the uncertainty estimation and
the overall flux density, which could be underestimated.

86



8.3 Reconstruction in Image Space
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Figure 8.3: Reconstructed image of the protoplanetary disk “Elias 24”. From top
to bottom, from left to right: Output of WSCLEAN, sampled prediction, estimated
uncertainty, and the difference between the first two images. Due to differences in
the reconstruction processes for WSCLEAN and the neural network, the sampled
image and the uncertainty have to be rotated by 90°. The cleaned image from
WSCLEAN is shown for comparison and does not represent the “true” source in
image space.
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Summary and Outlook

Automatization and reproducibility are two main keywords associated with the analysis of
complex and extensive data. In this thesis, I presented a holistic analysis pipeline ranging from
radio galaxy simulations via the simulation of radio interferometer measurements to the training
and evaluation of deep learning-based models trained on this simulated data. This analysis
pipeline is based on two frameworks, radionets [99] for the training and evaluation of the neural
networks and pyvisgen [98] for the radio interferometer simulations. Both of these frameworks
were improved and expanded by me, e.g., for the improved estimation of uncertainty or a new
normalization technique, which ultimately enabled the reconstruction of the protoplanetary
disk “Elias 24” coupled with an uncertainty estimation. Utilizing the capabilities of these two
frameworks enables astronomers to automatize their analyses in a reproducible manner, which
will be necessary given the planned interferometers that aim for high data rates, like the SKA
[27] and ngVLA [75].

A decisive prerequisite for the successful training of neural networks is the training data. It
is essential that all data characteristics are included so that the network is able to reconstruct
this type of data if it no longer contains specific information. Thus, a training data set
containing different kinds of protoplanetary disks is necessary for this thesis since the ultimate
goal is reconstructing a protoplanetary disk from DSHARP. However, the step from simple
two-dimensional Gaussian blobs (see [100]) on a grid to reconstructing an observed protoplanetary
disk is quite significant. So, it was clear that a series of tests and subsequent adjustments to the
simulations and the training process are necessary in order to make this possible. Furthermore,
a more physics-based simulation foundation was desired. Thus, a collaboration with several
colleagues from Hamburg was formed, and they provided wGAN-based simulations of FRI and
FRII galaxies, which were modeled after the FIRST survey conducted by the VLA [65, 91]. In
addition to a physically motivated simulation foundation, the simulated images also had an
increased image size of 128 px x 128 px, thus quadrupling the previous image size. This was
important due to the fact that interferometric observations commonly have image sizes up to
thousands of pixels per dimension, so a steady increase in image size was also a crucial requirement
for the goal of reconstructing such an observation. After obtaining physics-based radio galaxy
simulations, the RIME was utilized to simulate an observation by a radio interferometer. For
this purpose, the pyvisgen framework with its Graphics Processing Unit (GPU)-accelerated
implementation of the RIME was improved and expanded and then applied to the wGAN-
generated data. In order to comprehensively mimic an observation by the VLA for the FIRST
survey, the adjustable parameters of pyvisgen were set to values similar to the conditions of the
actual FIRST measurements.

After obtaining RIME-simulated gridded visibilities of FIRST observations to create a training,
a validation, and a test data set, different experiments and adjustments to the training process
were conducted. In particular, the influence of images containing only white noise and the
influence of an improved normalization technique were investigated. For this purpose, three
models were trained: the base model, the normalized model, which was trained using an image-
based normalization technique, and the noise model, which was additionally trained on training
data partly containing white noise images. It was found that the neural network model was
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9 Summary and Outlook

able to identify and adequately reconstruct pure white noise images as well as images containing
sources. That means that the model is not reconstructing a FRI or FRII source by any means
necessary but instead is able to handle data sets containing noise images, which can occur
during sky surveys. In order to also get quantitative measures to compare the models, four
different evaluation methods were introduced, which examined the source area, the peak flux
density, the integrated flux density, and the MS-SSIM. All three models produced results close
to the respective optimal values for each evaluation technique, with the noise and the normalized
model performing better than the base model for all categories. Especially for sources with
low SNR, which are generally harder to reconstruct, the noise and the normalized model score
lower standard deviations and mean values closer to one than the base model. Additionally, the
reconstruction capability over the course of the training was examined. Again, the normalized
model proved to be superior, providing a more stable training process with few outliers as well as
being time and disk-usage efficient by converging after fewer epochs than the base model. The
noise model scored similar results as the normalized model, underlining the robustness of the
approach to pure white noise images. Therefore, it was proven that not only the network-based
approach was able to handle RIME-simulated interferometer observations of wGAN-generated
FRI and FRII galaxies, but that it also remains undisturbed by pure white noise images in the
training data. Furthermore, these results could be improved upon by utilizing an image-based
normalization technique, which was applied going forward. Especially the improved convergence
time and the robustness against noise images enable the approach to be potentially utilized to
accelerate analysis pipelines of radio observatories such as ALMA.

After analyzing the results of these experiments and subsequently adjusting the training routine,
it was necessary to change the simulated radio galaxies from FRI and FRII to protoplanetary disks.
For this purpose, the simulated protoplanetary disks from Andreas Maisinger [70] were taken as a
foundation and expanded to serve the goal of reconstructing an observed disk from DSHARP. The
simulations were based on characteristics of the DSHARP sources in terms of, e.g., the intensity
decrease and the number of rings. Additionally, the image size was again increased, this time
to 512px x 512 px and therefore reaching the range of image sizes produced by interferometer
observations. Similar to the wGAN-based simulations before, the protoplanetary disks were used
as input to the interferometer simulations by pyvisgen. The parameters were adapted to the
characteristics of the DSHARP measurements to ensure compatibility.

The gridded visibilities of both the FRI and FRII galaxies and the simulated protoplanetary
disks were then used to prepare the model for providing an uncertainty estimation in addition to
the reconstruction. The architecture was enhanced, and the loss function was adapted so that
the model was able to predict the mean p and the variance o2 of a Gaussian distribution. Using
a customized ReLLU function ensured that the predicted variance had positive values. The mean
values and standard deviations generated this way were then translated to image space using
a sampling approach. Due to the image-based normalization, error propagation was required,
which was also implemented. After applying the evaluation methods introduced before to the
uncertainty models, the results showed that the models were able to give uncertainty estimations
matching their reconstructions in shape and flux density both in Fourier space and in image space
while only slightly decreasing the reconstruction quality. Furthermore, it was investigated how
an uncertainty model handles unknown data. For this purpose, the uncertainty model trained on
protoplanetary disks was fed a wGAN-generated source and an image of a cat. The model was
able to generally reconstruct the GAN-generated source and give an appropriate uncertainty
estimation, proving the model’s capability to generalize. Additionally, the cat image could
be partially reconstructed, and the protoplanetary disk, which was falsely reconstructed, was
endowed with high uncertainty. This aligns perfectly with the expected behavior of a well-trained
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uncertainty model subjected to unknown data, thus enabling researchers to provide statistically
motivated uncertainty estimations alongside their reconstructions.

Finally, the protoplanetary disk “Elias 24” observed for DSHARP was fed to the uncertainty
model trained on protoplanetary sources. The model was able to reconstruct the source, and
comparisons to the cleaning result of WSCLEAN showed that the location of the core and the
extent of the surrounding rings match well. To summarize, this thesis presented a comprehensive,
deep learning-based analysis pipeline, which starts with simulating different kinds of radio
galaxies. It ranges from analytically describing the measurement process of radio interferometers
to evaluating neural networks trained on said simulated data and finishes with the reconstruction
of the protoplanetary disk “Elias 24” using data measured for DSHARP. Using this pipeline, any
researcher can create simulations for arbitrary radio galaxies and arbitrary radio observatories and
use them as a training dataset for neural network models. Then, the trained models reconstruct
and clean the input images and produce an appropriate uncertainty estimate. This way, radio
observations can be processed and prepared for physical analysis, potentially even by astronomers
from fields other than radio interferometry.

More improvements to the pipeline are necessary to prepare the approach for large-scale
applications in the future. While the reconstruction of the protoplanetary disk “Elias 24” worked
on a level comparable to WSCLEAN, other sources from DSHARP result in worse reconstructions.
Here, potential data-simulation mismatches need to be further investigated. Also, the image
size needs to be increased even more. With image sizes of 512 px x 512 px, the pixel size is
significantly increased when maintaining the original FoV, leading to a coarse grid and a decrease
in resolution. Preferably, image size up to 3000 px x 3000 px should be able to be processed
by the pipeline. Currently, this is not feasible due to limitations in the area of computational
resources, especially when considering high data rates. Thus, software optimizations should be
considered to reduce the need for disk space and computation time. Another possible approach
is to reduce the dimensionality during training by utilizing the sparseness of the input data.
Furthermore, the implementation of the RIME and the network need to be prepared for the
reconstruction of large and sparse images featuring multiple point sources, which are commonly
observed during sky surveys. For the RIME, additional features have to be considered, e.g., the
influence of cosmic sources outside of the FoV and the impact of polarisation effects, which is
currently examined. On the network side, several approaches are currently being investigated,
like successively extracting single point sources or the application of transformer networks [30].
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ADAM Adaptive Moment Estimation.

AGN Active Galactic Nucleus. 10—

AIPS Astronomical Image Processing System.

ALMA Atacama Large Millimeter /submillimeter Array. 8, 10, 13, 21, 29, 32, 35, 81, 83, 90,
CHIME Canadian Hydrogen Intensity Mapping Experiment.

CNN Convolutional Neural Network. 2, 16, 19, 35,

DFT Discrete Fourier Transform.

DSHARP Disk Substructures at High Angular Resolution Project. —

) ) ) ) ) ) )

) ) )

FFT Fast Fourier Transformation. 7,

FIRST Faint Images of the Radio Sky at Twenty-cm. 21, 23, 26, 27,
FITS Flexible Image Transport System. 7,

FoV Field of View. 28, 32, 80, 83,

FRI Fanaroff-Riley Class I. 10, 12, 21-23, 69, 89, 90,

FRII Fanaroff-Riley Class II. 12, 21-23, 69, 89, 90,

FWHM Full Width at Half Maximum.

GAN Generative Adversarial Network. iv, 21-23, 25, 27, 69-73, 80, 81,

GPU Graphics Processing Unit.
L1 Mean Absolute Difference.

MRI Magnetic resonance imaging.

ms measurement sets.

MSE Mean Squared Error. 38,

MS-SSIM Multi-Scale Structural Similarity. 2, 51, 53, 54, 58-60, 64, -

ngVLA next-generation Very Large Array. 1, 8,
NLL Negative Log-Likelihood.

PReLU Parameter Rectified Linear Unit.

) ) )
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ReLU Rectified Linear Unit. 17, 18, 67, 73,
ResBlock Residual Block. 35,
RIME Radio Interferometer Measurement Equation. iv, -

RMS Root Mean Square.

SEFD System Equivalent Flux Density. 28,

SKA Square Kilometre Array. 1,

SNR signal-to-noise ratio. iv, 23-25, 28 49 54-60, 64,
SRResNet Super Resolution Residual Network. 2,

SSIM Single-Scale Structural Similarity. 51—

VLA Karl G. Jansky Very Large Array. 8, 9, 21, 26, 32, 35,
VLBA Very Long Baseline Array.

VLBI Very Long Baseline Interferometry. 3, 20,

wGAN Wasserstein generative adversarial network. 21-24,

WSCLEAN w-Stacking Clean. 7, 23-25, 28, 83, 85-87,
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2 Antenna Locations for ALMA

106

Table A.1: Overview of the antenna positions of the ALMA, used as a parameter

for the RIME.

Station Name X /m Y /m Z /m
DA42 2225109.99 -5440002.41 -2481782.63
DA44 2224896.3  -5439906.96  -2482190.3
DA45 2224774.74  -5440235.55 -2481577.82
DA46 2225029.59 -5440081.85 -2481682.27
DA47 2225176.66 -5439964.25 -2481800.73
DA48 2225193.45 -5439993.76 -2481722.54
DA49 2225085.76  -5440062.1  -2481674.24
DA51 2225053.23 -5440093.37  -2481635.63
DA52 2225011.32  -5440147.99 -2481558.05
DA53 2225199.43 -5440058.59  -2481572.0
DA54 2225122.7  -5439951.13 -2481886.48
DA55 2224943.17 -5440088.85 -2481748.58
DA57 2225505.36  -5440025.43 -2481355.57
DA58 2224585.55 -5440348.81 -2481491.68
DA59 2225070.07 -5440067.18 -2481677.13
DAG60 2225045.05 -5439869.96 -2482140.63
DA61 2225119.13 -5440069.22 -2481628.01
DA62 2224962.99 -5440337.73 -2481190.21
DAG63 2224619.06 -5440204.46 -2481770.14
DA64 22251139 -5440088.81 -2481588.45
DA65 2225450.18 -5439794.98  -2481913.74
DV01 2224798.84  -5440161.3  -2481726.02
DV03 2224825.69 -5439918.56 -2482224.39
DVO05 2225375.65 -5440111.88  -2481291.8
DV06 2224943.67 -5439974.24 -2482014.29
DVO07 2225078.25 -5440185.64 -2481414.95
DVO08 2224906.77 -5440173.24 -2481599.34
DV09 2224781.3  -5440342.02  -2481336.1
DV10 2225488.56 -5439872.88 -2481699.24
DV11 2225072.24 -5440148.43  -2481498.97
DV12 2225180.9 -5440025.86 -2481662.78
DV13 2224980.92 -5440130.82 -2481620.87
DV14 2225196.57 -5439865.59 -2482003.17



Table A.2: Continued from above

2 Antenna Locations for ALMA

Station Name X /m Y /m Z /m
DV15 2225119.37 -5440042.85 -2481684.94
DV16 2225569.05 -5439979.43 -2481387.23
DVi17 2224948.42  -5440039.64 -2481852.43
DV18 2225099.28 -5440075.03 -2481631.75
DV19 2224759.17 -5440069.47 -2481944.57
DV20 2225188.12 -5440189.91 -2481301.78
DV22 2224910.49 -5440129.39 -2481688.89
DV23 2225090.69 -5440083.26 -2481622.45
DVv24 2225255.26  -5440008.99 -2481623.35
DV25 2225269.67 -5439908.28 -2481832.2
DA41 2225094.8 -5440052.42 -2481687.28
DAA43 2224863.87 -5440088.01 -2481814.53
DAb56 2225270.73 -5440073.09 -2481471.42
DV04 2225027.12  -5439962.76 -2481958.28
PMO1 2225113.04 -5440122.82 -2481517.73
PMO2 2225042.28 -5440125.51 -2481574.9
PMO3 2225046.0 -5440149.14 -2481520.12
PMO04 2225104.7  -5440102.47 -2481568.69
DA41 222514795 -5439675.04 -2482445.48
DA42 2225279.58 -5439469.36 -2482833.13
DA43 2224801.83 -5439786.46 -2482539.25
DA44 2224236.18 -5439969.73 -2482606.26
DA46 2226329.78 -5440032.87 -2480531.34
DA438 2224116.15 -5442159.48 -2477930.45
DA49 2224469.6  -5440842.53 -2480524.66
DA50 2225718.6  -5439808.04 -2481613.94
DA51 2225714.63 -5440369.47 -2480423.24
DAb4 2219253.64  -5442894.2  -2479851.61
DAS55 2226163.04 -5439682.72 -2481421.98
DA60 2226265.19 -5438432.83 -2484137.88
DA63 2227320.32 -5436658.14 -2486450.59
DA64 2229254.52 -5440457.76 -2476683.55
DA65 2227504.63 -5439905.32 -2479594.88
DVo01 2225669.04 -5439445.53 -2482517.53
DV02 2225434.81 -5439701.86 -2482133.29
DV04 2229234.14 -5440047.54 -2477588.72
DVO7 2225871.28 -5439985.17  -2481088.6
DV09 2225117.81 -5440052.28 -2481665.8
DV10 2226186.01  -5439426.1 -2482003.42
DV11 2224148.99 -5440731.57 -2481004.97
DV15 2223501.9 -5440635.38 -2481765.56
DVi17 2222794.8  -5441831.65 -2479695.83
DV22 2224521.0 -5441793.95 -2478423.75
DV23 2224986.55 -5440968.64 -2479799.62
DV24 2225376.5 -5439991.42 -2481543.23
PMO1 2224781.47 -5440342.45  -2481336.3
PMO2 2225523.32 -5440197.67 -2480975.27
PMO3 2226201.28 -5439135.84 -2482771.54
PMO04 2223832.08 -5440054.89 -2482719.9
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3 Loss Curves for the Uncertainty Training

3.1 FRI and FRII Sources
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Figure A.1: Training and validation loss for an uncertainty training using the
GAN-generated sources.
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3 Loss Curves for the Uncertainty Training

3.2 Protoplanetary Disks
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Figure A.2: Training and validation loss for an uncertainty training using the
protoplanetary disks.
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4 \Visualization of Jones Matrices
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Figure A.3: Visualization of the E(I,m) matrix, which represents the direction-
independent antenna beam [39].
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4 Visualization of Jones Matrices
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Figure A.4: Visualization of the K(I/,m) matrix using the VLA antenna layout.
On the right side, three different telescope pairs of the VLA are marked in orange.
The corresponding Jones K(I,m) is shown on the left. One can see that for
increasing distances, the power pattern gets finer. This is a visual representation of
one of the core statements of radio interferometry: Small baseline are responsible
for the coarse structures of the image, and large baselines measure the fine-sale

structures. [39)
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