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Abstract

Modern radio interferometer arrays, such as the MeerKAT [1], the Australian Square
Kilometre Array Pathfinder (ASKAP) [2, 3], the Low Frequency Array (LOFAR) [4],
the Murchison Widefield Array (MWA) [5, 6], and the upcoming Square Kilometre
Array Observatory (SKAO) [7], generate large volumes of data due to their high
temporal and spectral resolutions, large number of baseline configurations, and
wide bandwidths. Managing these data volumes poses substantial challenges in
terms of storage and processing. To address the growing costs, averaging tech-
niques are widely used to reduce data sizes. However, averaging leads to signal
loss in radio interferometric images, resulting in smeared or blurred source emis-
sions and reduced source amplitudes.

Moreover, the extent of this smearing is baseline-dependent, as the signal phase
depends on baseline length. Specifically, longer baselines are more affected than
shorter ones. This is addressed by Baseline Dependent Averaging (BDA), which
applies variable averaging intervals - longer for shorter baselines and shorter for
longer baselines. BDA achieves high data volume reduction since radio interferom-
eters generally have more shorter baselines, which can be aggressively averaged
with minimal smearing effects. However, BDA changes the time-frequency grid
structure of the data, making it incompatible with the standard storage format in
the field, the Measurement Set (MS).

A promising approach to data compression was presented by Atemkeng et al.
[8], who developed a compression technique based on Singular Value Decompo-
sition (SVD). This approach exploits the inherent structure of raw visibility data,
representing it as a low-rank matrix approximation where each component corre-
sponds to a specific Fourier component of the sky distribution. By approximating
the data with a reduced rank, the essential features of the original data can be cap-
tured using fewer components, effectively reducing data size.

In this work, we build on the methods introduced by Atemkeng et al. [8], specif-
ically evaluating the effectiveness of SVD in compressing large volumes of data
while preserving image quality and data fidelity for long-term archival. Although
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our study focuses on the MeerKAT telescope, the approach can be adapted for use
with any other radio telescope.

Our findings demonstrate that for a bright point source (1]y), whether located at
the phase centre or away from it, the data features can effectively be captured using
a single component, recovering over 99.90% of the source amplitude and achieving
a data size reduction of over 97%. For fields with multiple sources, the features
can be fully captured using 3-4 components out of 24, recovering over 99.90% of
the source amplitude for a source at the edge of the Field of View (FoV), which is
around 1.1 deg for the MeerKAT at a frequency of 1.4 GHz. This results in a data
size reduction of over 91%.

Additionally, we found that the source or field direction does not impact SVD
compression. On the other hand, the Signal to Noise Ratio (SNR) significantly af-
fects SVD compression. For sources with low SNR or faint sources, all components
are required to recover more than 97% of the source amplitude, making the com-
pression ineffective. In such scenarios, it would be more advantageous to first de-

noise the data or to use BDA.
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Chapter 1

Introduction

1.1 Overview of Radio Astronomy

Radio astronomy is a eld that has gained prominence in recent years. Its origins
trace back to the 1930s when Karl G. Jansky [9, 10], a radio engineer, discovered a ra-
dio signal coming from the Milky Way. Inspired by Jansky's work, Grote Reber [11,
12] built the rstradio telescope in his backyard, a 9-meter parabolic dish, to further
explore cosmic radio signals. The cosmic signals studied in radio astronomy are at
the low-frequency, long-wavelength end of the electromagnetic spectrum, within
the radio window ranging from 3 MHz to 300 GHz [13, 14], although these bound-
aries are exible. This eld has led to major discoveries and opened new avenues
for astronomers. For instance, radio astronomy has revealed previously unobserv-
able sources, such as quasars, which are extremely luminous active galactic nuclei
powered by supermassive black holes [15, 16]. Another signi cant discovery is that
of pulsars, which are highly magnetized, rotating neutron stars emitting pulses of
radiation at regular intervals [17]. Additionally, radio astronomy enabled the rst
detection of the cosmic microwave background, the radiation emitted shortly after
the Big Bang [18].

Since Grote Reber's pioneering efforts, the eld of radio astronomy has ad-
vanced signi cantly with the construction of several larger telescopes. Among the
most notable are the 100-meter Green Bank Telescope (GBT) in West Virginia, USA
[19], and the now-decommissioned 305-meter Arecibo Telescope in Puerto Rico
[20]. The Five-hundred-meter Aperture Spherical Telescope (FAST) [21] in China
holds the title of the world's largest lled-aperture telescope and is second only to
Russia's RATAN-600 [22] in single-dish size, with its 576-meter diameter circle of



rectangular radio re ectors. Single-dish telescopes face limitations in angular res-
olution, which is approximated as q |/ D where | is the observing wavelength
and D is the telescope's dish diameter [14]. To improve angular resolution, increas-
ing the dish diameter is essential, but structural and monetary constraints limit how
large a telescope can be built. To overcome this challenge, interferometers use mul-
tiple dishes or antennas to observe a source simultaneously, effectively functioning
as a larger telescope.

The concept of radio interferometry is rooted in optical interferometry tech-
nigues developed by Albert Michelson and Francis Pease in the 1920s for mea-
suring the diameter of the star Betelgeuse [23, 24]. This technique was adapted
by Martin Ryle and Derek Vonberg in 1946 [25] for observing the Sun and radio
sources. The rst radio interferometer, however, was used by McCready et al. in
1945 [26] for solar observations on a sea cliff [27]. In radio interferometry, the an-
gular resolution is given by ¢ | / B where B is the largest separation between
a pair of dishes or antennas, known as the baseline [14]. High angular resolution
is achieved by increasing the separation between antennas. For instance, the Very
Large Array (VLA) [28], located in New Mexico, USA, consists of 27 antennas with
a maximum baseline of 36 km and can achieve a maximum angular resolution of
up to 0.04 arcseconds [29]. The SKAO [7, 30], being developed in Africa and Aus-
tralia, is set to become one of the world's largest radio interferometer arrays. Its
precursor, the MeerKAT telescope in Northern Cape, South Africa, has a maximum
baseline of 8 km and achieves a maximum angular resolution of 1 arcsecond [1].
Once completed, the SKA is expected to provide an angular resolution of up to 20
milliarcseconds (mas) [31].

The Very Long Baseline Interferometry (VLBI) network [32] enables extremely
high resolution by using single-dish telescopes located around the globe to observe
the same sky position and correlate the signals, effectively creating a large-sized
synthesized telescope. Several VLBI networks exist, and more are being devel-
oped, including the European VLBI Network (EVN) [33], which incorporates tele-
scopes from Europe, Africa, Asia, and North America, and the African VLBI Net-
work (AVN) [34], which is currently being developed and will use telescopes across
Africa. Additionally, longer baselines can be achieved by correlating signals from
space-based telescopes with those on the ground, as demonstrated by projects like
the VLBI Space Observatory Programme (VSOP) and the RadioAstron project [35—



37].

1.2 Radio Interferometry Fundamentals

1.2.1 Young's Double Slit Experiment

Radio interferometry is analogous to Thomas Young's double slit experiment, con-
ducted in 1801 [38, 39]. This seminal experiment provided critical insights into the
wave nature of light and laid the groundwork for many modern optical and radio
interferometry techniques. In Young's experiment, monochromatic light, a light of
a single wavelength, passes through two closely spaced, parallel slits on an opaque
plate. Let us name the holes p and g. The electric elds through these slits are
described by:

Ep= 1p€®"" and Eq= Iqd?"t (1.1)

where | and | are the maximum intensities of the electric elds, nis the frequency
of the monochromatic light, and tp and tq are the respective arrival times at a given
point.

As the light waves pass through the slits, they spread out and overlap, produc-
ing an interference pattern on the screen as illustrated in Figure 1.1. The resulting
electric eld is the sum of the individual elds:

Eto’[ = Ep+ Eq (12)

The time-averaged electric eld intensity | on the screen is then given by:

hli g hEgotEyoqd
(Ep+ Eq)(Ep+ Eg)

15+ 15+ 2lplgcog2pnt ), (1.3)

where denotes the complex conjugate, andt = tp tqis the difference in arrival
times. The terms Ig and Ig are constants, while the coq2pnt ) term represents the



interference component, varying with the phase difference. This interference pro-
duces a pattern of alternating bright and dark fringes observed on the screen (see
Figure 1.1).

Young's double-slit experiment was pivotal in demonstrating the principle of
interference, a concept later adopted by Albert Michelson in the 1920s. Michelson
utilized this principle to develop an optical interferometer to measure the size of
the star Betelgeuse [23, 24]. In radio interferometry, this principle is adapted for
use with radio waves instead of visible light. The core idea remains the same: pairs
of antennas or dishes act analogously to the slits, capturing radio waves from as-
tronomical sources. By analyzing the interference patterns of these radio waves,
valuable information such as the intensity, shape, and position of the sources can
be extracted.

FIGURE 1.1: An illustration of Young's double slit experiment. A monochromatic plane wave passes through
two narrow, closely spaced slits, producing an interference pattern on the optical screen. This pattern consists
of alternating bright and dark bands caused by the constructive and destructive interference of the light waves.

Having established the foundational principles of interferometry using Thomas
Young's double-slit experiment, we now turn our attention to their application in



radio interferometry. Here, these principles are used to derive the visibility func-
tion, which encodes information about the source's properties.

1.2.2 \Visibility Function

Any pair of antennas p and gin a radio interferometer, separated by baseline vector
b, as illustrated in Figure 1.2, detects the electromagnetic (EM) radiation wave, e,
from a radio source in the sky. The EM waves are converted into complex voltages
by the antenna feeds. These complex voltages are then fed into a correlator, which
outputs pairwise correlations of the voltages between antennas p and g, as shown
in Figure 1.5.

FIGURE 1.2: Two antennas,p and g, are observing a radio source. The separation between the two antennas is
represented by the baseline vectorb. Due to the geometric delay, the signal reaches antennaq before it arrives
at antenna p. This delay corresponds to the projection of the baseline b onto the observation direction s.

Moreover, the correlator averages these measurements over a nite period and
bandwidth. Averaging of the measurements over a time interval and bandwidth
reduces noise and lters out frequencies greater than a few hertz, effectively acting
as a low-pass lter. The result from a correlator is what interferometers measure,
known as complex visibilities. Interferometers do not measure the sky intensity di-
rectly, instead, they measure these complex visibilities. The sky brightness and the



visibility are related through the principles of Fourier transformation, as they are
Fourier pairs. This relationship is known as the Van Cittert-Zernike (VCZ) theo-
rem [39—-41]. Each baseline in an interferometer probes a single spatial frequency or
Fourier component, determined by the baseline's length and direction. In this way,
the array samples the Fourier plane (uv-plane ) at discrete points corresponding to
the baseline con gurations and observing geometry.

For instance, for a source located in the direction s, where s is a unit vector
pointing toward the source, observed at a single frequency n, with a brightness
given by In(s), and an effective collecting area of A(s) (assuming same A for all of
the antennas), the visibility is given by: [14, 40]:

Vpg= A(s)In(s)e M, (1.4)

where t is the geometric delay de ned as b s, with b being the baseline vector, and
w = 2pn is the angular frequency. Extending this to account for contributions from
the entire sky W, the visibility becomes:

Z
Vog=  A(s)In(s)e 2P S) qw. (1.5)
w
Incorporating a nite bandwidth  Dn, the visibility is further generalized as:
zZ Z _
Vpq = A(S)In(s)e 2P(b 3) gy dn. (1.6)
Dn W

Let's de ne the baseline in a uvw coordinate system, where ( points along the east,
V points along the north, and W points along the phase tracking centre:

b, = IEZ | (u,v,w). (1.7)

Let the sky positions be speci ed in the Imn coordinate system, where (I, m, n) are
direction cosines with respect to the (u, v, w) axes:

s=(Il,m,n). (1.8)

S is a unit vector, thus:

jsi= 1= 12+ m*+ n? (1.9)



We then have:

nb s b s
:|—:ul+vm+wn

C o
=ul+vm+w( 1 12 m? (1.10)
and:
dW = dldm
n
- p_dldm (1.12)
1 12 m?

The complex visibility function can then be written as:

ZoyZ.y

. p_—
Vea= o Alm)In(l,m)e i2p (ul+vmew(" 1 12 mR) 1AM

—— 12

The term dn disappears in Equation 1.12 because we assume a single frequency. The
phase centre, which is the position on which the synthesized Field of View (FoV) is
centred, is de ned as a direction sp, where | = m = 0, and:

nbsp b sy
C I
The direction s, relative to the phase centre is de ned as:

_— (1.13)

S=s S (1.14)

Thus, for a source located in the direction s, the complex visibility is given by:

Z iy 2y _ P did
qu: ) ) A(I,m)ln(l,m)e i2p(ul+vm+w( 1 12 m? 1))9%. (1_15)

This gives:



A(0)1,(0)e 2P (0)
A(0)I,(0) = constant, (1.16)

<
2
I

at the phase centre. 0
For small elds of view ( I,m 1) and small w, we approximate w(' 1 12 m?2

1) (12 + m2)w. This simpli es the visibility function to:
VANSVIVARSN A(| m) .
Vpg = p——"""_|,(I,m)e 2Pul*+vm) g gm, 1.17
P ¥ oy 1 12 m? ol m) (.17)

For an unresolved or point source, the intensity distribution is independent of I, m,
such that I (lp, mg) = lo. The corresponding visibility function is then given by:

Vpg= loe i2p (ulo* vmo) (1.18)

where |y is the total intensity. The visibility amplitude is then:

Ved = jlge 12 (Ulotvmo)]
J|OJ je i2p(u|0+vmo)j

= Io. (1.19)

Thus, for a point source, the visibility amplitude remains constant. For a resolved
or extended source, the visibility function is given by:

ZiyZyy )
Vpq = . 1(1,m)e 2PU*vm) 4 dm, (1.20)

The integral sums contributions from different parts of the source, each with vary-
ing phases that partially cancel one another. As a result, the visibility amplitude
]Vpg becomes dependent on the baseline length. For short baselines (smallu, v val-
ues), the amplitude remains large. On the other hand, for long baselines (large u,v
values), the amplitude is signi cantly reduced and approaches zero, i.e., jVpg ! O.
In Figure 1.3, we plot the visibility amplitude as a function of baseline length
for both a point source and an extended source, shown in Figure 1.4, each with
an intensity of 1 Jy. For the point source, the visibility amplitude remains constant



across all baseline lengths. In contrast, for the extended source, the visibility ampli-
tude decays rapidly as the baseline length increases.

FIGURE 1.3: Visibility amplitude as a function of baseline length for both a point and an extended source at the

phase centre, each with an amplitude of 1 Jy. For the point source, the visibility amplitude remains constant

across different baseline lengths. In contrast, the visibility amplitude for the extended source decreases rapidly
with increasing baseline length. The data was simulated for the MeerKAT telescope without any noise.

The relationship between the sky brightness and the visibility in Equation 1.17
is known as the Van Cittert-Zernike (VCZ) theorem [39-41]. It can alternatively be
articulated within the framework of the Radio Interferometric Measurement Equa-
tion (RIME). This formalism was originally developed by Hamaker et al. [42].

1.2.3 The Radio Interferometric Measurement Equation

In the context of a 2-element interferometer comprising antennas p and g, each an-
tenna is equipped with two receptors, aand b, to capture the complete polarization
information. These receptors convert the electromagnetic signal into complex volt-
ages, enabling each antenna to measure the following [43]:
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FIGURE 1.4: The source models used in Figure 1.3. The left panel displays the point source, while the right
panel illustrates the extended source.

v
vp= @

v
vg= (1.21)

The complex voltages are subsequently fed into a correlator, which, in turn, gener-
ates four pairwise correlations, as illustrated in Figure 1.5:

Vaa = h/pavqai
Vab= Vpavgy
Vba= MVppVgd
Voo = MVppVgpi - (1.22)

The h i operator denotes that these correlations are averaged over a nite time and
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FIGURE 1.5: The signal, denoted by e, is converted into complex voltages by antenna receptors a and b.
Antenna receptor a measures the horizontally polarized component of the signal, while receptor b measures
the vertically polarized signal. The correlator then computes four pairwise correlations.

bandwidth, and the * symbol represents the complex conjugate operation. These
four correlations are then used to form the visibility matrix:

_ Vaa Vap
Vpg= 2

Vba | Vbb

\Y;
pa :

2h y Vga Vgp |
pb

2hwpvgi. (1.23)

Where P denotes the Hermitian conjugate transpose operation, and the factor of 2
is a matter of convention as explained by Smirnov [43]. The complex voltages can
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be connected to the EM eld vector e in the following way:

Vp = Jp€
Vq= Jg€. (1.24)

In equation 1.24, the Jones matrixJ accounts for the effects that distort the signal e
as it travels from the source to the antennas. Each antenna has its own unique Jones
matrix, representing the different paths the signal takes to reach each antenna. The
visibility matrix is then obtained as follows:

Vpg = 2(Jpe)(Je)"
= 2hgpee Jfi

Jp2heei . (1.25)

It is important to note that the Jones matrix is placed outside the averaging opera-
tor. This positioning re ects our assumption that the Jones matrix remains constant
over the averaging interval. This assumption has signi cant implications, which
we will discuss further.

The quantity heeMi represents the source brightness distribution, denoted by B,
and it is related to the Stokes parameters as follows [14, 39, 40]:

I
oheefi = 2 %% &%

B =
V&, 9%
_ 1+ Q U+iv (1.26)
Uu iv. | Q

where x and y denote the two orthogonal polarization directions in the sky refer-
ence frame. Note that the antenna feed polarization indices a, b are transformed
into the sky polarization basis X,y through the parallactic angle Jones matrix. This
gives us the RIME of a single-point source:

Vpg= JoBJ. (1.27)
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However, the sky is not made up of a point source but instead consists of a con-
tinuous brightness distribution. To generalize the RIME to the entire sky, we incor-
porate a dependence of the brightness distribution B on the observation direction
S

ZZ
Vpq = w Jo(s)B(5) ' (s) ds, (1.28)

where we integrate over the entire FoV denoted as W = 4p. Using this formulation,
we can modify the variable in the integration:

ZZ

Vo= Jp(l,m)B(I,m)JqH(I,m)dldTSmdldm
zz"

= Jp(1,m)B(I, m) ' (1, m) %dldm. (1.29)

The term % arises as a result of switching the integration volume from ds to dldm.
We can express the Jones matrixJp as a Jones chain, which consists of multiple Jones
matrices. Each of these matrices represents a speci ¢ propagation effect:

Jp = Jp,n, Jp’n 1y« - ’Jp,l' (130)

In this chain, the rightmost term corresponds to the effects that distort the signal
at the source, while the leftmost term corresponds to the effects that distort the
signal at the antennas. The Jones terms can be further categorized based on whether
they are Direction Dependent Effects (DDE) - effects dependent on s = (|, m), or
Direction-Independent Effects (DIE) - effects independent of s= (I, m).

The geometric delay term, represented as Ky, is always included in the Jones
chain. This term accounts for the delay in signal reception between the two anten-
nas. As shown in Figure 1.2, the signal arrives at antenna q before antennap. The
phase term can be expressed as follows:

Kp= e 2Pi(Up ) (1.31)

In Equation 1.31, up denotes the antenna position of antenna p in the uvw coordi-
nate system expressed in wavelengths. SinceKp is a scalar, it commutes with all
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other operators, enabling us to rearrange it freely. Therefore, we can simplify the
expression as follows:

Kpg= KpK§!
= g 2Pi((up ug)s)
= g 2pi(ul+vm+ wn)1 (1.32)
where u, v, and w correspond to the components of the baseline vector by = uy
Ugq.

The visibility phase varies with the baseline length and the distance from the
phase centre. This phase variation is crucial because the complex exponential term
in the visibility equation serves as the Fourier kernel. As a result, the measured
visibilities can be interpreted as samples of the Fourier Transform of the sky bright-
ness distribution. Without this spatially varying phase relationship, interferometers
would be unable to recover positional information through inverse Fourier trans-
forms, making aperture synthesis imaging impossible.

To mitigate smearing effects, discussed in detail in Section 1.2.4, the fringe stop-
ping technique is employed, involving the insertion of an arti cial delay in the cor-
relator within the signal chain. The phase term needed for insertion in the correla-
tor can be determined by considering a wavefront arriving from direction  sg (phase
centre), and the phase term can be expressed as follows:

o i s0) = o 20I(W) (1.33)

The resulting K-term is:

qu: e 2pi(u|+vm+wn)e 2pi(w)

- e 2pi(ul+vm+w(n 1))_ (1.34)
The Jones term is then expressed as follows:

Jp = GpEp(l,mKp(l,m), (1.35)
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where G represents the direction-independent Jones term, while Ep(l, m) is the
direction-dependent Jones term. The visibility function then becomes:

ZZl

Vpg= Gp “E(l, m)B(l,mEY (I, m)e #iurvmwin 1) gidm GH. (1.36)
m
To obtain a 2D-Fourier transform, the w-term is split into two per-antenna terms.

Sincew = wp  wg, we have:

Wp = 191—ﬁewp<n D, (1.37)

This termis considered as a DDE and itis incorporated into Ep. Thus, we now have:

ZZ
Vea= Gp Bpq(l.m)e il+vm gldm G (1.38)

This is the 2D Fourier Transform. The pqgindices in Bpq indicate that each baseline
observes a distinct portion of the sky. Bpq is referred to as the apparent sky, ex-
pressed asBpq = EpBEg. Assuming that each baseline consistently observes the
same apparent sky Bapp throughout the observation, this can be expressed as:

ZZ
Vea= Gp  Bapdl,m)e i+vm) gldm G (1.39)

This equation can also be expressed more concisely as:

Vpg= GpXpaGy - (1.40)

This is the RIME for the full sky scenario. As noted earlier, both direction-independent
and direction-dependent gain errors vary with time and frequency. These errors
affect the observed visibilities, requiring a calibration process to remove their ef-
fects. Calibration involves estimating and correcting the gain error terms. No-
tably, methodologies for calibrating direction-independent effects and direction-
dependent effects were introduced by Smirnov [44, 45].
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1.2.4 Smearing Effects

When deriving the RIME, it is assumed that the Jones terms remain constant dur-
ing the averaging interval. However, in practice, these terms vary with time and
frequency. For instance, the phaseK-term in Equation 1.34 depends on both the
baseline vector and the frequency. Moreover, since the baseline vector in the uvw co-
ordinate system changes over time due to the Earth's rotation, the K-term becomes
time-dependent. Averaging such a term leads to a reduction in the brightness or
intensity amplitude because a complex quantity with a rotating complex phase is
being averaged. This amplitude reduction is known as time and bandwidth smear-
ing in the image plane and as decorrelation in the visibility plane [46]. Smearing
effects result in the broadening of the observed source. Bandwidth smearing causes
a radial broadening and reduction in the amplitude of a source, which increases
with the observational spectral resolution. Time smearing causes azimuthal broad-
ening and reduction in amplitude, which increases with the observational temporal
resolution. Time smearing is also dependent on the elliptical tracks that each base-
line traces along the uv-plane. Baselines move faster along the time axis than the
frequency axis, making time smearing more pronounced than frequency smearing.

Time smearing, which causes azimuthal broadening, is more severe for sources
at high declinations due to faster baseline movement. Both time and bandwidth
smearing lead to source broadening and amplitude reduction, though the total in-
tegrated ux density remains constant. The K-term, which depends on baseline
length and the source's position relative to the phase centre, worsens smearing for
longer baselines and sources away from the phase centre. As illustrated in Figure
1.6, the amplitude is highest, and the source remains compact at the phase centre,
while smearing causes broadening and amplitude reduction away from it.

In Figure 1.7, point sources with a brightness of 1 Jy are positioned at varying
distances from the phase centre, simulated for the MeerKAT telescope at 1 GHz.
Without smearing effects, the recovered amplitude uctuates around 1 Jy, primar-
ily due to thermal noise. However, with smearing effects, the amplitude rapidly
decreases as the distance from the phase centre increases. At this frequency, the
MeerKAT telescope's Field of View (FoV) is approximately 1.6 deg, with a radial
FoV of about 0.78 deg. The amplitude decay is faster beyond the eld of view but
does not immediately drop to zero, indicating that sources outside the eld of view
can still be detected and may contaminate measurements.
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FIGURE 1.6: Time and bandwidth smearing effects. The darker shades represent higher amplitudes, while
the lighter shades indicate lower amplitudes. The smearing effect worsens with increasing distance from the
phase centre, resulting in reduced peak amplitude and broadened source appearance.

Figure 1.8 shows the smearing effects in the image plane for a source located
2 deg away from the phase centre, with a brightness of 1 Jy. The left panel illustrates
the compact source without smearing, whereas the right panel shows the smeared
source, with its brightness spread out.

Furthermore, Figure 1.9 illustrates how smearing (decorrelation) effects depend
on baseline length for a source located 2 deg away from the phase centre. Without
smearing effects, the recovered amplitude remains nearly constant across all base-
lines. However, when smearing is present, the amplitude decreases as the baseline
length increases.

This behaviour con rms what is known; longer baselines experience greater
angular speed in the uv-plane, resulting in more severe smearing. Figure 1.10 il-
lustrates the uv-coverage for a 4-hour observation using the MeerKAT telescope.
Notably, long baselines at the edges display faster angular motion and trace longer
tracks, while short baselines remain concentrated near the centre with slower move-
ment.
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FIGURE 1.7: Smearing effects as a function of source position. The data was simulated using the MeerKAT
telescope over a 4-hour observation period with an integration time of 20 seconds, at a frequency of 1 GHz
with a channel bandwidth of 4 MHz. The sky model consists of 9 point sources, each with a ux of 1 Jy.

Having established a clear understanding of the fundamentals of radio interfer-
ometry, the mathematical framework underlying visibility measurements, and the
smearing effects that arise from averaging the visibility function, which results in
blurred source emissions and reduced source amplitude, we turn our attention to
addressing the challenges of data storage and processing through data compres-
sion. The following section explores both traditional and newly proposed radio
interferometric data compression strategies.

1.3 Compression of Visibility Data

The correlated visibilities sampled by antennas p and q are averaged in the cor-
relator over nite time and frequency intervals, Dt and Dn, respectively. Post-
correlation, the visibility data can be further averaged to reduce its volume. The
large size of visibility datasets primarily arises from high temporal and spectral
resolutions and the number of baseline con gurations. High temporal resolution is
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FIGURE 1.8: Smearing effects in the image plane for a source located 2 deg away from the phase centre, with
a brightness of 1Jy. The left panel shows the source without smearing effects, and the right panel shows the
smeared source.

necessary for time-dependent calibration, while high spectral resolution is essential
for spectral line studies and for mitigating man-made Radio Frequency Interfer-
ence (RFI) [44]. Additionally, these high resolutions are required to limit smearing
to acceptable levels.

Modern radio interferometers operate with extremely high temporal and spec-
tral resolutions, generating massive data volumes that are expensive to store and
process. The size of visibility data scales as follows [47]:

Tobs  Bw
Dt Dn
where ny is the number of baselines, Typsis the total observing time, and Dt is the
temporal resolution (integration time). By is the total bandwidth, Dn is the fre-
quency resolution (channel width), and ny is the number of polarizations. For
radio data, each complex visibility is stored as a 32-bit oating point value [48].
High temporal and spectral resolutions correspond to small values of Dt and Dn,
which contribute to the large data sizes.

To address the storage and processing challenges posed by these massive datasets,
various data compression techniques have been proposed and implemented.

data size = ny Npol 32 bits, (1.412)
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FIGURE 1.9: Smearing (decorrelation) effects as a function of baseline length. The data was simulated using

the MeerKAT telescope over a 4-hour observation period with an integration time of 20 seconds, at a frequency

of 1 GHz with a channel bandwidth of 4 MHz. The sky model consists of 1 point source 2 deg away from the
phase centre, with a ux of 1 Jy.

1.3.1 Simple Averaging

Simple averaging is a basic and straightforward data compression technique [49].
It involves computing the arithmetic mean of the visibility data for a baseline  pg,
Vpg, over atime interval Dt and frequency interval Dn.

In simple averaging, all baselines are averaged over equal time and frequency
intervals Dt  Dn. However, this uniform approach is not ideal because the fringe
rate, or interference pattern, changes more rapidly for longer baselines. As a result,
longer baselines need more frequent sampling to avoid smearing effects. Figure
1.11 illustrates this relationship between baseline length and the required averag-
ing interval. With simple averaging, an intermediate interval is typically chosen,
as shown in the gure. This interval is smaller than what shorter baselines require,
which bene ts them, but larger than what longer baselines need, leading to smeatr-
ing effects for the longer baselines [46].
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FIGURE 1.10: uv-coverage of the MeerKAT telescope for a 4-hour observation at a declination of 30 degrees

South. Aninterferometer uv-coverage is given by the uv points (blue in the gure) and their complex conjugate

(orange in the gure). The longer baselines, located at the edges, exhibit greater angular speed compared to

the shorter baselines, which are concentrated towards the centre. This difference in angular speed highlights
the varying data sampling rates across different baselines.

Figure 1.12 illustrates the smearing effects caused by time and frequency aver-
aging. The dataset is simulated for the MeerKAT telescope, with a total observing
time of 4 h, sampled every second at a frequency of 1.4 GHz, using 64 channels and
a frequency resolution of 50 kHz. The sky distribution consists of 9 point sources,
each with a brightness of 1 Jy.

The left panel of Figure 1.12 shows the effects of time averaging over various
intervals, while the right panel demonstrates the impact of frequency averaging.
In both cases, increasing the averaging interval leads to a greater reduction in the
recovered brightness amplitude, with the effect being more pronounced for sources
located away from the phase centre.

Furthermore, Figure 1.12 highlights that amplitude decay occurs more gradually
for frequency averaging. This is because the baselines move more rapidly along the
time axis than the frequency axis, leading to more pronounced smearing along the



22

FIGURE 1.11: Simple averaging formalism. An intermediate interval is selected for averaging across all the
baselines.

time domain. These smearing effects, which arise from time and frequency averag-
ing, exhibit a non-convolutional nature in the image plane. This means they vary
with position across the FoV and cannot be simply represented as a convolution of
the Point Spread Function (PSF), which is the interferometer's response to a point
source, with the true brightness distribution. Consequently, they cannot be miti-
gated through calibration and persist even after simple deconvolution. Deconvolu-
tion is a process that removes the PSF from the observed brightness distribution by
assuming that the distortion is uniform across the image.
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FIGURE 1.12: The effects of averaging visibility data over time and frequency. The data is simulated for

the MeerKAT array with a total observing time of 4 h, sampled every second at frequency of 1.4 GHz, with

64 channels and a frequency resolution of 50 kHz, resulting in a total bandwidth of 3.2 MHz. The sky model

consists of 9 point sources placed at various positions, each with a ux of 1 Jy. The smearing factor is computed
as the ratio between the averaged data and the high-resolution unaveraged data.

1.3.2 Baseline Dependent Averaging

In Figure 1.11, we observed that the averaging interval is baseline-dependent. How-
ever, simple averaging often employs an intermediate interval, which introduces
smearing on long baselines due to their requirement for frequent sampling and
shorter averaging intervals. To mitigate this issue, Cotton proposed Baseline De-
pendent Averaging (BDA) [50] as a solution.

In interferometer arrays with centrally condensed uv-coverage, such as the MeerkAT,
the majority of the data originates from shorter baselines (see Figure 1.10 and 1.13).
These shorter baselines can be aggressively averaged without compromising data

delity. By averaging shorter baselines over longer intervals and longer baselines
over shorter intervals, as illustrated in Figure 1.14, BDA achieves high compression
rates with minimal smearing effects.



FIGURE 1.13: Baseline distribution for the MeerKAT array over a 4 h observation.

FIGURE 1.14: BDA formalism. The averaging interval is baseline-dependent, with shorter baselines being
more aggressively averaged and longer baselines undergoing less averaging.

24
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BDA has been extensively explored in the literature. For example, Cotton [51]
investigated the effects of averaging visibility data using BDA and demonstrated
a signi cant reduction in data volume with minimal smearing. Wijnholds et al.
[52] demonstrated that BDA could reduce visibility data volume for the SKA1-mid
telescope by over 80% along the time axis , and Deng [53] et al. further supported
these ndings. Additionally, Atemkeng et al. [54, 55] demonstrated that combin-
ing BDA with window functions effectively suppresses sources outside the eld of
interest, reducing smearing and unwanted signals while maintaining compression
rates similar to simple averaging.

However, despite its bene ts, BDA has signi cant drawbacks. For example, it
alters the data structure, making it incompatible with the standard format in the
eld, the Measurement Set (MS) [48] format. The MS is the standardized format
for storing radio interferometric data. Since BDA changes the time-frequency grid,
baselines will have different numbers of time slots and channels after averaging,
which disrupts the uniformity required by the MS format. Additionally, data aver-
aged using BDA cannot be easily processed with standard tools.

1.3.3 Singular Value Decomposition

While BDA achieves high compression rates with minimal smearing effects by lever-
aging the baseline distribution, it has drawbacks that make it less favourable. Al-
ternative approaches have been proposed by Rajeswaran and Winberg [56], who
investigated lossless compression algorithms on SKAO data, such as SZIP, GZIP,
the LZF lter, LZ4, and the Fully Adaptive Prediction Error Coder (FAPEC). Masui

et al. [57] explored a lossless compression method that optimized data precision by
discarding noisy bits. Offringa [58] introduced Dynamical Statistical Compression
(Dysco), a lossy compression technique speci cally designed for complex, noise-
dominated interferometric visibility data. This method rst normalizes groups of
visibilities to have similar statistical distributions and then applies non-linear quan-
tization.

A promising alternative to BDA for data compression was introduced by Atemkeng
et al. [8], who proposed using SVD to compress visibility data. SVD is a mathemat-
ical technique that decomposes a matrix into three components. The SVD of an
M N complex matrix V is expressed as [59, 60]:
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V= uULwT, (1.42)

where T represents the complex transpose operator. In this decomposition, U is
an M N complex unitary matrix, and W is an N N complex unitary matrix,

orthonormalto U. L isanN N diagonal matrix, with its diagonal entries h; = L i,
which are non-negative real numbers known as singular values. These singular
values are the square roots of the eigenvalues of V™V or VV 1, and they are ordered
in descending magnitude. The rank of the complex matrix V is determined by the
number of non-zero singular values. The entries of U, denoted by uq,...,uy, are
the eigenvectors of VV T and are referred to as left singular vectors. Similarly, the

entries of W, denoted by wj, ...,wy, are the eigenvectors ofV TV, known as the right
singular vectors. This decomposition can also be expressed as:

r
V = & huw, (1.43)
i=0

where r = min (M, N) is the rank of V, representing the number of singular values.
For a baseline pg, with M time slots and N frequency channels, the visibility data

matrix can be represented as:
§ Vpatin Vpatiny Z

Voatun Voatuny
Atemkeng et al. proposed utilizing SVD to nd a low-rank approximation of ~ Vpq
without signi cant information loss. However, they acknowledged that this ap-
proach is challenging due to the inherent correlations between the entries of Vp,

which prevent perfect reconstruction through a low-rank approximation. The low-
rank approximation of Vpqis given by:

n
Vpgn = é. hpqiupquEqi, (1.44)
i=0

where n r is the reduced rank. The contribution of each singular value h; to
the reconstruction of Vyq is proportional to its magnitude. Larger singular values
capture most of the features of the original data, while smaller singular values pri-
marily capture noise and can be discarded without losing signi cant information.
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Atemkeng et al. observed that the rst singular value, being the largest, captures
nearly all the features of the data at the phase centre. However, as the distance from
the phase centre increases, the singular values decay more rapidly on shorter base-
lines and more slowly on longer baselines. This suggests that a greater number of
singular values are required to accurately represent the data away from the phase
centre on longer baselines.

This observation led to the combination of low-rank approximation with BDA
formalism. By using a low-rank approximation, where the same number of singular
values are retained across all baselines (referred to as simple SVD), and combining
this with BDA (referred to as Baseline-Dependent Singular Value Decomposition
(BDSVD)), where the number of retained singular values, npq, depends on the base-
line, the authors were able to achieve high data compression rates. This approach
not only discarded noise but also minimized smearing in the Field of View (FoV)
and outperformed both simple averaging and BDA.

The choice of domain, whether visibility or image, does not affect the number of
singular values required for compression, as the singular values remain consistent
in both domains, yielding the same result. In the image domain, the compressed
dirty image is represented by:

rd —
15q= F fVpgng
D (1.45)
= a hpqilgqi,
i=0

gqi corresponds to the component of the sky observed by baseline pg,

with the singular value hyqi quantifying the contribution strength of hpqi'gqi to the
image reconstruction. For BDSVD, the reduced rank npqis baseline-dependent. The

component ngi can be expressed as:

where hpg;l

d _ .0
logi = quinqi. (1.46)

in accordance with Parseval's theorem. The full dirty image is obtained by sum-
ming over all baselines:



28

fd_ 2 rd
"= a Iqu
pq |
s & 4
=a A hpqilpg (1.47)
pg i=1 |
a8 0 O
=a A hpglpgWoqi
pq  i=1

In this thesis, we will focus exclusively on compressing the data in the visibility
plane.

SVD has been widely applied across various elds for signal processing, image
restoration, and data compression [61]. In radio astronomy, Offringa et al. [62]
explored using SVD to remove RFI from observational data. Additionally, Briggs
[63] explored the use of SVD to decompose the PSF system matrix, truncating small
singular values that amplify noise. This stabilizes the inversion process, enabling a
robust deconvolution that results in high-quality images.

Unlike BDA, BDSVD does not modify the time-frequency grid structure of the
data, ensuring compatibility with the standard MS format. Furthermore, the data
can be processed further using standard tools, making BDSVD a desirable compres-
sion method. It achieves high compression rates with minimal smearing effects.
However, BDSVD is signi cantly more computationally expensive than both sim-
ple averaging and BDA. While simple averaging and BDA scale as O(N,js), where
Nyis is the number of visibilities, BDSVD scales as O(N,;sr), where r is the rank of
the data. To effectively handle this computational complexity, BDSVD needs to be
implemented in a parallel fashion.

We have examined traditional averaging techniques used to reduce visibility
data volumes in radio interferometry and brie y introduced SVD-based compres-
sion techniques, which show promise for transforming visibility data compression.

In the subsequent sections and chapters, we will delve deeper into the effectiveness
of these techniques, focusing on their ability to preserve data delity and image
quality during compression.
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1.4 Problem Statement

The volume of visibility data in radio interferometry increases dramatically with
high temporal and spectral resolution, as well as the growing number of baselines
used in modern arrays. This rapid data growth results in high storage and process-
ing costs, particularly for large-scale radio interferometers like the MeerKAT, the
Australian Square Kilometre Array Path nder (ASKAP), the Low Frequency Array
(LOFAR), the Murchison Wide eld Array (MWA), and the upcoming Square Kilo-
metre Array Observatory (SKAO), which generate unprecedented data volumes.

To address these challenges, averaging techniques are commonly used to com-
press data and reduce its volume. However, these methods result in signal loss,
causing smeared or blurred source emissions and reduced source amplitudes in
radio interferometric images. Furthermore, the extent of this smearing is baseline-
dependent, as the signal phase depends on baseline length. Speci cally, longer
baselines are more affected than shorter ones. Although BDA addresses this is-
sue by applying variable averaging intervals, it modi es the time-frequency grid
structure, making the data incompatible with the standard MS format used in radio
interferometry.

A promising alternative is the SVD-based data compression method proposed
by Atemkeng et al [8]. This approach exploits the inherent structure of visibility
data to achieve high compression rates while preserving temporal and spectral res-
olution. However, further exploration is needed to understand its effectiveness and
limitations across various observational scenarios.

1.5 Research Aims

This thesis builds on the work of Atemkeng et al. [8] by evaluating the effective-
ness of SVD-based compression in reducing the volume of visibility data while
maintaining data delity and image quality. The primary aim is to investigate the
Baseline-Dependent Singular Value Decomposition (BDSVD) compression method
across a range of observational scenarios, with a focus on understanding how it is
in uenced by different sky distributions. This will provide insights into the poten-

tial and limitations of BDSVD as a viable solution for managing the growing data
volumes in radio interferometry.



30

Although the analysis is centred on the MeerKAT telescope, the methodologies
and ndings can be adapted for other modern and future interferometers.
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Chapter 2

Research Methodology

This research explores the feasibility of using SVD to compress radio interferomet-
ric data to address the challenge of large data volumes generated by modern radio
interferometers. The primary goal is to evaluate the impact of compression on data
delity, particularly in the image plane. For this study, we utilized simulated data,
with all simulations conducted using tools provided by the stimela [64] frame-
work.

2.1 Simulations

We simulated the visibility data using simms[65] tool. simmsuses the casatasks
[66] library to generate synthetic visibility data. The generated data are output as
CASA Tables called a Measurement Set (MS) [48], a standardized format for storing
radio interferometric data. The simulated MS represents an observation conducted
with the MeerKAT array. This observation spans a total duration of 2.5 h, with an
integration time of 1s. The observing frequency is set at 1.4 GHz, with a channel
width of 50 kHz, a total bandwidth of 1.2 MHz, and 24 channels.

At the observing frequency of 1.4 GHz, the FoV of the MeerKAT array, de ned
by the primary beam's full width at half maximum (FWHM), extends to a radial
distance of approximately 0.55 deg. The rst and second sidelobes at this frequency
are located at radial distances of around 1.32 deg and 2.25 deg, respectively.

Following the simulation of the MS, the visibility data were populated with sky
models using the meqgtrees [67] tool. The simulations began with a sky model con-
taining a 1 Jy point source at the phase centre. Additional simulations were per-
formed for a point source off-centre around the second sidelobe. The study then
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progressed to more realistic sky models, incorporating both point and extended
(Gaussian) sources with varying brightness levels.

The above sky distributions were simulated at a declination of  30deg. Addi-
tional simulations were performed for a 1 Jy off-centre point source at declinations
of 0deg, 60deg,and 90deg.

To further evaluate the effectiveness of SVD across diverse observational sce-
narios, low Signal to Noise Ratio (SNR) sky distributions were simulated for an
off-centre point source. Importantly, all simulations assumed perfectly calibrated
data with no agged data, and included thermal noise computed using an Sytem
Equivalent Flux Density (SEFD) value of 442 Jy.

2.2 Data Compression

Following the simulation of visibility data for various sky models, the data matrix
Vpq, for each baseline pg, with rank r, is compressed through the following steps:

* Rank determination: Identify the rank r of the data matrix Vp.

« Decomposition: Decompose the data matrix Vpqinto the matrices U, L, and

W using the dask function dask.array.linalg.svd() . This function is well-
suited for handling large datasets, and ef ciently managing memory and com-
putation.

« Truncation: To achieve lossy compression, truncate the matrices U, L , and W'
by selecting the desired number of singular values, n, for the reconstruction
of Vpg. Singular values beyond n are effectively set to zero, eliminating un-
wanted data components. The truncated matrices represent the compressed
data.

» Reconstruction: Using the truncated matrices, reconstruct the visibility matrix
Vpq as a low-rank approximation Vpgn.

The second aspect of our analysis is the study of individual singular values. In
this case, only one singular value L j; is selected, and the low-rank approximation
IS given by:
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Vi = hpqiupqiw]r;qi' (2.1)

In these simulations, only the Stokes | term was used, meaning that we have the
correlations XX = YY = 1/2.

2.3 Statistical Analysis of Residuals

Statistical analyses were performed in the visibility plane on the residual data,
which is de ned as the difference between the high and low-rank data. Metrics
such as mean, standard deviation, skewness, kurtosis, and the c? statistic were
computed. The c? was calculated between the residual data and the noise only
data. These statistics were computed using the scipy.stats library.
The c¢? statistic was normalized by the number of visibilities:
2 c?

= , 2.2
nvis Np M N np0| ( )

c

where ny is the number of baselines, M is the number of time slots, N is the number
of frequency channels, and ny is the number of correlations.

2.4 Imaging

For imaging the visibility data, we used the wsclean [68] software. Natural weight-
ing was applied to minimize biases that might arise from visibility weights. Aver-
aging modi es the Point Spread Function (PSF), and following Briggs' [63] sugges-
tion that SVD can be used to decompose the Point Spread Function (PSF) matrix
and truncate small singular values that amplify noise, thereby enabling robust de-
convolution that improves image quality, we chose to work with dirty images. This
approach allowed us to evaluate whether compressing the data using SVD could
effectively perform deconvolution and reduce sidelobe effects.
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2.5 Compression Factor

The size of the original data matrix Vpqis givenby M N. The compressed stored
data is the truncated matrices which collectively have a sizeof M n+n n+

n N = n(M+ N+ 1). The compression factor, de ned as the ratio between the

number of data points of the compressed data (low-rank) to the uncompressed data

(high-rank), is then computed as:

M N
n(M+ N+ 1)’

Ci = (2.3)

where n is the reduced rank. To account for the fact that the singular values are real
while the left and right singular matrices aren't, a factor of 0.5 is used instead to
give:

M N

n(M+ N+ 05" (2.4)

Cf:
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Chapter 3

Results and Discussion

In this chapter, we analyze the impact of various observational scenarios on Baseline-
Dependent Singular Value Decomposition (BDSVD) compression using the MeerKAT
telescope.

3.1 Individual Singular Values

This section examines the individual singular values in detail. The goal is to analyze
how different sky distributions affect the features captured by these singular values.
This analysis also provides insights into the characteristics of low-power singular
values. For this study, the data has a rank of 24, corresponding to 24 singular values.
This is because the data for each baseline consists of 24 frequency channels and
spans 2.5h 3600s= 9000 time slots, resulting in a matrix with dimensions such
that its rank is given by min( M, N) = 24.

3.1.1 Phase centre

We consider a sky distribution with a 1 Jy point source located at the phase cen-
tre. At the phase centre, no smearing effects occur, and the rst singular value
captures all the data features. Figure 3.1 shows the mean weights of the singular
values for this scenario. Baselines are grouped by length: short (<1 km), medium
(1 km<length<3km), and long (>3 km). The mean weight for each group is com-
puted as the average of the singular value weights, with error bars indicating stan-
dard deviations. This gure demonstrates that, for a 1 Jy point source at the phase
centre, the rst singular value dominates, with subsequent values being smaller
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across all baselines. This con rms that the rst singular value effectively encapsu-
lates all data features, consistent with the negligible decoherence expected at the
phase centre. Consequently, the data can be fully represented by the rst singular
value, allowing compression from rank 24 to rank 1, achieving a compression factor
of approximately 50 (Table 3.1).

FIGURE 3.1: Singular values and their corresponding weights for a 1 Jy point source at the phase centre.

Figure 3.2 provides further insight into the data compression process using var-
ious singular values. The left panel compares the original data (full rank) with
the data compressed using different singular values. The right panel shows the
corresponding residuals, which highlight the differences between the original and
compressed data.

The peak brightness in the original data image is 0.999 907 Jy. Using only the rst
singular value for compression successfully recovers 0.999893 2.01262 10 8Jy,
which corresponds to approximately 99.9986% of the original ux. The uncertainty
of 2.01262 10 %Jy represents the Root Mean Square (RMS) extracted from the
residual of the rst singular value. This result demonstrates the dominance of the
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rst singular value in capturing the features of the data. In contrast, subsequent sin-
gular values contribute negligibly to the representation of the data, with recovered
peak brightness values falling below the RMS. These higher-order singular values
primarily capture noise rather than meaningful signal components. Notably, the
residual images from higher-order singular values reveal the source structure, un-
like the residual image of the rst singular value, which closely resembles random
noise. This indicates that the rst singular value effectively isolates the primary
signal, leaving behind residuals that closely resemble random noise.

The accompanying statistics table in Figure 3.2 con rms this observation. The
residual distribution for the rst singular value is consistent with the noise distri-
bution, indicating that its residuals are dominated by random uctuations. Con-
versely, the residual distributions for higher-order singular values deviate from the
noise distribution. Speci cally, the mean, standard deviation and c2 .. values of
these residuals are relatively larger, suggesting the presence of the signal compo-
nents.

The mean and standard deviation values for the residual statistics in Figure 3.2
and subsequent gures appear notably large due to their computation in the vis-
ibility plane, where noise is uncorrelated. In the visibility plane, each visibility
measurement contributes independent thermal noise:

SEFD
P oot
where SEFDis the System Equivalent Flux Density of the two antennas involved,

(3.1)

Svis =

Dv is the channel width, and Dt is the integration time. In this case, the antennas
share anSEFD of 442 Jy, leading to a thermal noise level of approximately:

. 4423y

"2 50kHz 1s

for each baseline. Figure 3.3 illustrates the corresponding power pro le of the noise

in the visibility plane, revealing the signi cant scatter of power values across dif-

ferent baselines, leading to the observed large mean and standard deviation values.
In contrast, the image plane transformation changes the noise characteristics.

= 1.397 73 Jy, (3.2)

Svis =

Through the Fourier transform, the visibility noise becomes correlated. The noise
is effectively averaged over the number of visibilities contributing to each pixel,
scaling according to the relationship:
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Simg = psvi-’ (3.3)

where Nyis represents the number of visibilities contributing to each image pixel
[69]. This averaging substantially reduces the noise level in the image plane com-
pared to the visibility plane.



FIGURE 3.2: Images of the original data (left panel) for a point source at the phase centre alongside images

of the data reconstructed using different singular values. The right panel shows the corresponding residuals,

highlighting the differences between the original and compressed data. Additionally, the accompanying table
contains the residual statistics.

In conclusion, for the sky distribution with a bright point source at the phase

39
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centre, the rst singular value alone is suf cient to fully represent the data across
all baselines.

TaBLE 3.1: Compression factors. The data sizes are given in units of GB

No. Singular values | Compression factor | Data size (GB)
Full rank (24) 1.0 6.49
20 2.4 2.70
15 3.2 2.03
12 3.98 1.63
9 5.32 1.22
8 5.98 1.09
7 6.84 0.95
6 7.98 0.81
5 9.58 0.68
4 11.96 0.54
3 15.96 0.41
2 23.94 0.27
1 47.86 0.14

3.1.2 Away from the Phase Centre

For a sky distribution with a 1 Jy point source located around 2.25 deg off-centre,
our ndings are largely consistent with the previous case. Figure 3.4 demonstrates
that the rst singular value remains much larger than the subsequent singular val-
ues, indicating its dominance in capturing the data features. In contrast, the subse-
guent singular values primarily capture the noise features.

Figure 3.5 con rms this observation. When compressing the data using only
the rst singular value, 0.957091 1.83464 10 °Jy is recovered, corresponding
to approximately 99.8966% of the peak brightness, compared to 0.958 082 Jy in the
original data image. This demonstrates the rst singular value's ability to capture
most of the data features while leaving behind noise features. However, compared
to the previous case (point source at the phase centre), the second singular value
captures some meaningful components here. For example, the second singular
value recovers approximately 1.61327 10 * 1.83464 10 °Jy (which is around
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FIGURE 3.3: Noise power pro le in the visibility plane for different baselines, given by different colours.

1.68386 10 2%) of the peak brightness. This contribution, though small, is sig-
ni cant compared to the negligible contributions from subsequent singular values,
whose recovered peak brightness falls below the RMS value. As such, these higher-
order singular values do not capture any meaningful components but instead rep-
resent noise features. The second singular value captures meaningful components
in this case due to the decoherence experienced away from the phase centre.

The accompanying statistics table in Figure 3.5 reveals further insights. The
residual distribution for the rst singular value is consistent with the noise dis-
tribution, con rming its noise-like nature. Conversely, the residual distributions
for higher-order singular values deviate from the noise distribution, indicating the
presence of the signal components in these residuals. Speci cally, their means, stan-
dard deviations, and cﬁvis values are relatively larger, all of which suggest the pres-
ence of the original signal components.

Thus, the rst singular value captures the majority of the data features across alll
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FIGURE 3.4: Singular values and their corresponding weights for a 1 Jy point source 2.25 deg off-centre.

baselines, capturing the primary signal while leaving noise in its residuals. Higher-
order singular values primarily capture noise, as evidenced by their residuals re-
vealing the original data features. Consequently, the data can be effectively com-
pressed using only the rst singular value, reducing the rank from 24 to 1 and
achieving a compression factor of approximately 50 on short and medium base-
lines. However, on long baselines, the inclusion of the rst two singular values
is necessary to eliminate the 0.1% smearing, resulting in a compression factor of
around 24.
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