of the
ROYAL ASTRONOMICAL SOCIETY

MNRAS 524, 3724-3740 (2023)
Advance Access publication 2023 July 13

https://doi.org/10.1093/mnras/stad2102

Detecting the HI power spectrum in the post-reionization Universe with
SKA-Low

Zhaoting Chen “,'* Emma Chapman *,> Laura Wolz' and Aishrila Mazumder!

Uodrell Bank Centre for Astrophysics, Department of Physics and Astronomy, The University of Manchester, Manchester M13 9PL, UK
28chool of Physics and Astronomy, The University of Nottingham, Nottingham, NG7 2RD, UK

Accepted 2023 July 6. Received 2023 July 6; in original form 2023 February 22

ABSTRACT

We present a survey strategy to detect the neutral hydrogen (HI) power spectrum at 5 < z < 6 using the SKA-Low radio
telescope in presence of foregrounds and instrumental effects. We simulate observations of the inherently weak H1 signal post-
reionization with varying levels of noise and contamination with foreground amplitudes equivalent to residuals after sky model
subtraction. We find that blind signal separation methods on imaged data are required in order to recover the H1 signal at large
cosmological scales. Comparing different methods of foreground cleaning, we find that Gaussian Process Regression (GPR)
performs better than Principle Component Analysis (PCA), with the key difference being that GPR uses smooth kernels for the
total data covariance. The integration time of one field needs to be larger than ~250 h to provide large enough signal-to-noise
ratio (SNR) to accurately model the data covariance for foreground cleaning. Images within the primary beam field-of-view
give measurements of the HI power spectrum at scales k ~ 0.02Mpc~' — 0.3 Mpc~! with SNR ~2-5 in A[log(k/Mpc™1)] =
0.25 bins assuming an integration time of 600 h. Systematic effects, which introduce small-scale fluctuations across frequency
channels, need to be < 5 x 107> to enable unbiased measurements outside the foreground wedge. Our results provide an
important validation towards using the SKA-Low array for measuring the HT power spectrum in the post-reionization Universe.
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1 INTRODUCTION

The standard model of cosmology, the A cold dark matter (ACDM)
model, helps us describe and understand the observed Universe.
In particular, measurements of the cosmic microwave background
(CMB; e.g. Planck Collaboration 2020a) and the large-scale structure
(LSS; e.g. Alam et al. 2021) can be well fitted by the ACDM
model, producing precise, per-cent level constraints on the model
parameters. However, as we reach further into the realm of precision
cosmology, potential inconsistency between different probes arises
in the form of cosmological tensions. Namely, measurements of
the Hubble parameter in the local Universe using tip of the red-
giant branch and Type Ia Supernovae (e.g. Riess et al. 2022) have
significant discrepancies ~5¢ with the measurements made using the
CMB (e.g. Planck Collaboration 2020b). There also exists a tension
of ~2.70 between the measurements of the amplitude of the dark
matter clustering Sg from the CMB and from the LSS (e.g. Amon
et al. 2022).

The disagreements between different cosmological observations
highlight the need for understanding the evolutionary history of
the Universe. The CMB captures the cosmic structure at the last
scattering surface z ~ 1100 (Dodelson & Schmidt 2020) while the
local measurements are made at z < 2.0, missing a large part of the
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observable Universe in between. One promising approach to fill the
gap is neutral hydrogen (H1) intensity mapping (e.g. Battye, Davies
& Weller 2004; Chang et al. 2008; Mao et al. 2008; Wyithe & Loeb
2009; Battye et al. 2013; Kovetz et al. 2017). It uses the emission line
of the HT atoms, at the rest wavelength of ~ 21 cm, as a tracer of
the underlying dark matter distribution. Neutral hydrogen is the most
abundant element in the Universe after recombination as predicted
by the Big Bang nucleosynthesis (Alpher, Bethe & Gamow 1948;
Dodelson & Schmidt 2020). The formation of dark matter structures,
i.e. dark matter halos, attracts baryonic matter to fall into the halos
and produces luminous stars and galaxies during the cosmic dawn
(Schaerer 2002). The ultra-violet radiation produced by these objects
ionized the initially neutral inter-galactic medium (IGM), a process
known as the cosmic reionization (Furlanetto, Oh & Briggs 2006).
The 21-cm emission is dominated by the HT inside the IGM during
the cosmic reionization, after which the majority of the remaining H1
resides in the dark matter halos (Rahmati et al. 2013). Therefore, the
H1 signal traces different cosmic structures during different epochs
and can be used to probe cosmology across a wide range of redshifts.

The spectroscopic nature of the 21-cm line allows the measurement
of the matter clustering across the history of structure formation from
the cosmic Dark Ages, to the Epoch of Reionization (EoR), and all
the way to the low-redshift Universe. However, the HI signal is
inherently weak, and resolving H1 sources requires deep integration
time even for observing the H1 galaxies in the local Universe (e.g.
Haynes et al. 2018). Without the need to resolve individual sources
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of the HI emission, intensity mapping is a technique that maps
the 21-cm emission across a large area of the sky with relatively
coarse angular resolution, allowing efficient surveys of large cos-
mological volumes suitable for testing the ACDM model. Ongoing
experiments targeting different redshifts include MeerKAT (Santos
et al. 2016), Canadian Hydrogen Intensity Mapping Experiment
(CHIME; CHIME Collaboration 2022), Tianlai (Xu, Wang & Chen
2015), Hydrogen Epoch of Reionization Array (HERA; DeBoer
et al. 2017), Low-Frequency Array (LOFAR; Patil et al. 2017),
Murchison Widefield Array (MWA; Tingay et al. 2013), and more,
covering z ~ 0.0-10.0. In the future, the Square Kilometre Array
Observatory (SKAO) will further enable detections of the neutral
hydrogen clustering, with SKA-Low observing at 50-350 MHz,
covering the redshift range from the cosmic Dark Ages z ~ 27
down to the post-EoR Universe z ~ 3.0 (Koopmans et al. 2015), and
SKA-Mid observing at 350 MHz to 15.4 GHz covering z < 3 (Square
Kilometre Array Cosmology Science Working Group et al. 2020).
The biggest challenge of HI intensity mapping is measuring the
signal against the foregrounds which are several orders of magnitude
brighter than the HI1. In order to measure the HI signal, extreme
accuracy in the instrument calibration is necessary to model the
foregrounds (Barry et al. 2016). The desired calibration accuracy
calls for a thorough understanding of the sky (e.g. Trott & Wayth
2017; Murray & Trott 2018), the beam (e.g. Thyagarajan et al.
2015; Ewall-Wice et al. 2016b), and the systematics (e.g. Trott
et al. 2018). Techniques of foreground mitigation can then be
utilized to extract the HI signal. The spectral smoothness of the
foregrounds contrasts with the H1 which is discretely structured
in frequency since, for the HI, different frequencies correspond
to different redshifts, and therefore different line-of-sight (LOS)
distances. Fourier transformation along the frequency direction to
the delay time space for individual baselines, a technique called
the ‘delay transform’, can thus be used to isolate modes of the
power spectrum where the H1 dominates (Morales & Hewitt 2004;
Parsons et al. 2012a, b). The region of the wavenumber k-space
where H I signal can be measured is called the ‘observation window’
whereas the region dominated by the foregrounds is the ‘foreground
wedge’ (Datta, Bowman & Carilli 2010; Morales et al. 2012; Liu,
Parsons & Trott 2014). Measuring the H1 power spectrum in the
observation window is usually referred to as ‘foreground avoidance’,
which is one approach among ongoing efforts of measuring the
EoR signal. Alternatively and/or additionally, blind signal separation
(BSS) techniques can also be applied on the foregrounds, or the
residuals of them after sky model subtraction. These techniques work
mostly on the frequency—frequency covariance of the data, such as
fast independent component analysis (fastiCA, Chapman et al. 2012;
Wolz et al. 2014), generalized morphological component analysis
(GMCA; Chapman et al. 2013), correlated component analysis
(CCA; Bonaldi & Brown 2015), Gaussian process regression (GPR;
Mertens, Ghosh & Koopmans 2018), and more (see Chapman &
Jeli¢ 2019 for a review). For HI observations targeting the post-
reionization Universe, foreground removal using BSS methods is
typically used to recover the HT signal, with transfer function correc-
tions of signal loss (e.g. Switzer et al. 2015; Cunnington et al. 2023a).
Using the methods mentioned above, progress has been made at
different redshifts towards the detection of the H1 power spectrum.
For single dish experiments targeting the low-redshift Universe,
cross-correlation detections of the H1 signal with optical galaxies
have been made by the Green Bank Telescope (Masui et al. 2013;
Switzer et al. 2013; Wolz et al. 2022), the Parkes telescope (Anderson
et al. 2018), and the MeerKAT telescope (Cunnington et al. 2023b).
A similar cross-correlation measurement has also been made by the
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CHIME telescope using stacking (CHIME Collaboration 2023). The
first auto-correlation detection has been made using the MeerKAT
telescope as a radio interferometer (Paul et al. 2023). For experiments
targeting EoR, upper limits on the HI power spectrum have been
found by the MWA (Ewall-Wice et al. 2016a; Trott et al. 2020) and
HERA (The HERA Collaboration 2022) using the delay transform
and foreground avoidance, and by LOFAR using map making with
GMCA and GPR foreground removal (Patil et al. 2017; Mertens et al.
2020).

In light of the recent progress, in this paper we explore the
possibility of measuring the HI power spectrum at 5 < z < 6 using
SKA-Low. While this redshift range is within the frequency coverage
of the instrument, it has been largely neglected since it is not in the
interests of the primary goal of HI science for SKA-Low, which
mainly focuses on the EoR (Koopmans et al. 2015). Despite probing
different physics, observations of the post-reionization Universe can
benefit significantly from the wide frequency range of the SKA-Low
telescope, as the deep observations of the EoR fields will provide
accurate modelling of the radio continuum and the instrument.
Furthermore, it has been suggested that the Universe may still be
partially ionized at z ~ 5.5 (Bosman et al. 2022), in contrast with
conventional constraints on the end of reionization to be at z ~ 6 (e.g.
Fan et al. 2006). Using the H1 power spectrum at 5 < z < 6 provides
a unique method of constraining the end of reionization. However,
measuring the H1 clustering at these redshifts has its own challenges.
The H1 signal at the quasi-linear scales probed at 5 < z < 6 will be
lower than the signal at the EOR. Meanwhile, the low-frequency band
contains more foreground contamination than the L-band typically
used for intensity mapping at lower redshifts. It is important to
quantify the signal and foreground level at these frequencies as well
as the instrument effects, to verify if these redshifts can be used for
cosmology.

In this paper, we present an end-to-end pipeline including simu-
lations of the sky signals and the interferometric observations, the
foreground mitigation, and the power spectrum estimation to provide
a proof-of-concept study for measuring the HI power spectrum at 5 <
z < 6 using SKA-Low. Using the simulation pipeline with different
settings, we explore different levels of foreground residual and noise
level to find the requirements on integration time and foreground
modelling needed. Methods for residual foreground removal are
investigated focusing on the comparison between Principle Com-
ponent Analysis (PCA) and GPR, with quantitative investigations
into the differences in the performance of these two methods. We
present our forecasts for future SKA-Low surveys on the power
spectrum measurements. Impacts of systematics are also briefly
discussed to provide an estimation of the requirements on levels
of the systematics.

The paper is organized as follows: The simulation of the sky
signal is described in Section 2. Simulations of the interferometric
observations to get the images and subsequent power spectrum esti-
mation from the images are discussed in Section 3. The presence and
the structure of the foreground wedge, with foreground mitigation
methods applied, are quantified in Section 4. The robustness of the
foreground mitigation methods is tested in the presence of thermal
noise and systematic effects in Section 5. We present the concluding
remarks in Section 6. Throughout this paper, we assume the ACDM
cosmology from Planck Collaboration (2020b).

2 SIMULATIONS OF THE RADIO SKY

In this section, we outline the simulations of the sky signal which
consist of the HI signal and the foregrounds at 5 < z < 6,
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corresponding to ~200-240 MHz. The SKA-Low instrument is
designed to have a maximum channel resolution of 5.4 kHz (Braun
etal. 2019). Since we are only interested in the H1 intensity mapping
which uses large voxels to map the distribution of the HT emission,
we reduce the simulated data volume by assuming the redshift bin
is covered by 66 frequency channels with a channel bandwidth of
510 kHz. The coarser frequency resolution of 510 kHz corresponds
to kj ~ 0.4 Mpc~!. While increasing the frequency resolution gives
access to higher k| where the foregrounds are weaker, the small
scales beyond BAO wiggles are difficult to model for cosmological
inferences. We leave simulations with the full frequency resolution
for future work.

The primary beam field-of-view (FoV) for SKA-Low at these
frequencies is ~3 degrees (Braun et al. 2019). We simulate (10.5
deg)? sky areas around the pointing centre for all the components
of the sky signal. While the sky area only extends to the —20 dB
(1 per cent) sidelobes of the primary beam, we find that there is no
sharp features in the cylindrical power spectrum from simulated fore-
ground residuals (see Appendix B). As discussed later in Section 3,
we perform the power spectrum estimation using only the centre
(1.5 deg)? and therefore the (10.5 deg)? sky area is sufficient. The
pointing centre is at the EoRO field (Lynch et al. 2021) at RA = 0
h, Dec = —27 deg. The methods for generating the components are
described as follows.

2.1 Diffuse Galactic radiation

The diffuse Galactic radiation at these scales is dominated by
the synchrotron radiation. We use the all-sky ‘Haslam map’ of
synchrotron radiation at 408 MHz (Haslam et al. 1981, 1982) with the
updated version described in Remazeilles et al. (2015). The map is
then extrapolated to the frequencies of interest using the Global Sky
Model (Zheng et al. 2017) at 1.4 and 2.3 GHz to calculate the spectral
indices of the map pixels. The curvature of the spectral indices (see
e.g. Irfan et al. 2022) is neglected for simplicity.

The pixel size of the input Haslam map is (1.72 arcmin)?, corre-
sponding to HEALPIX (Gdrski et al. 2005; Zonca et al. 2019) NSIDE
=2048. Animage of (10.5 deg)? around the pointing centre is created
with a pixel size of 21 arcsec. The image is then Gaussian smoothed
with a resolution of 1.75 arcmin. The input synchrotron radiation at
the central frequency of our simulation 220 MHz is shown in Fig. 1.

Free—free emission from the Galactic electrons also contributes to
the diffuse Galactic radiation. Following Lian et al. (2020), we use
FG21SIM ! to simulate the Galactic free—free emission. It is based on
the Ho intensity map in Finkbeiner (2003). The free—free emission
in the frequency range of our interest is several orders of magnitude
smaller than the synchrotron as shown in Fig. 1.

As discussed later in Section 3.1, we make image cubes of the
observations to perform residual foreground removal and power
spectrum estimation. In interferometric observations, during the
calibration and imaging process, the diffuse emission is largely
subtracted and no visible structure is left in the image cube (see
e.g. Rajohnson et al. 2022). Therefore, in our work, we assume
the majority of diffuse emission has been removed and model the
diffuse foreground residual amplitude as 0.1 per cent of the original
emission of our simulation. Although this approach will require
accurate modelling of the sky signal, it is fully within the power
of SKA-Low. Note that while we are only simulating 66 frequency
channels from 200 to 240 MHz, a much wider frequency range, from

Uhttps://github.com/ChenxiSSS/FG21SimPlus
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Figure 1. The input sky simulations of different foreground components
at 220 MHz as described in Section 2. The simulation of the synchrotron
radiation is shown in the top panel. The simulation of the free—free emission
is shown in the middle panel. The simulation of the extragalactic radio sources
are shown in the bottom panel. The pixel size of the figure is (21 arcsecond)?
and the total size of the signal simulation is (10.5deg)’. Note that the
extragalactic signal shown in the bottom panel is simply for illustration with
the sources plotted as point sources. Values larger than 100 K are masked
for better presentation. When simulating the observations, the radio sources
are directly put in as a source catalogue instead of a map, as described in
Section 2.2.

50-350 MHz, will be utilized in future SKA-Low observations to
provide accurately modelling of the continuum emission. As we show
later in Section 3.1, the output foreground image cube fluctuates on
the scale of ~2 mJy per point spread function (PSF), corresponding
to the overall fluctuation of roughly 80 mlJy, consistent with the flux
density level of residual image cubes from existing EoR observations
(see e.g. fig. 2 of Mertens et al. 2020). Thus, the assumption for the
level of foreground residual is representative for SKA-Low. It is
beyond the interest of this preliminary work to simulate the entire
frequency range and produce the sky model for visibility subtraction.
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Note that there are other sources of foregrounds that are of Galactic
origins, such as supernovae remnants (Wang et al. 2015). Since
the dominant component of the foregrounds is the synchrotron, we
expect that the Galactic foreground simulated in our work is enough
to capture the amplitude and the structure of the diffuse emission and
leave other components of the Galactic foregrounds for future study.

2.2 Extragalactic radio sources

Apart from the Galactic diffuse emission, extragalactic radio sources
also contribute to the overall foreground emission. While the Galactic
foregrounds are mostly diffuse, the extragalactic foregrounds are typ-
ically individual sources of finite size. Understanding the properties
of the radio galaxies is a major scientific goal for radio surveys. For
example, both continuum and H I science results have been produced
using the same fields of the MIGHTEE survey (Heywood et al. 2022;
Sinigaglia et al. 2022); Observations of EoRO field from the MWA
are used to produce both the upper limits on the reionization power
spectrum and the source catalogue (Beardsley et al. 2016; Trott et al.
2020; Lynch et al. 2021).

For future observations using SKA-Low, we expect a good under-
standing of the radio sources in the fields which will be iteratively
improved as the observations themselves will further help build
more complete catalogues. Here we use the source catalogue from
the LOFAR Two-meter Sky Survey observations of the ELAIS-N1
(EN1) field (Sabater et al. 2021) and rotate the centre of the field to
our pointing centre as shown in Fig. 1. The ENI catalogue covers
slightly less than the (10.5deg)? sky area used for simulating the
diffuse foregrounds. As discussed later in Section 3, we only image
the central (1.5 deg)?” fields so the smaller input sky area for the radio
sources has negligible impacts on the intensity of the foreground
emission in our image cubes. In real observations, the bright sources
in the beam sidelobe pose challenges to the data calibration which
we do not consider in this work. These issues can be mitigated by
techniques such as secondary and direction-dependent calibrations
(see e.g. Patil et al. 2017; Mertens et al. 2018; Heywood et al. 2022).

In the source catalogue, we impose a flux density cut of 10 mJy
assuming all sources above this flux density can be perfectly peeled.
The 10 mJy limit is fairly conservative and can be set lower given
the high sensitivity of SKA-Low. For example, using 12 nights of
LOFAR-EoR data observing the North Celestial Pole (NCP), Mertens
et al. (2020) produced source-subtracted images with fluctuations at
50 mJy level. The source model of the NCP field has also been built
iteratively over the years down to sources with flux density down to
~3 mly (Yatawatta et al. 2013). The depth of the sky model for the
EoRO field simulated in this work can also be expected to reach mJy
level. Furthermore, we expect the sources below this flux density to
be modelled with 90 per cent accuracy. This is again a conservative
estimate, as relatively short observations of only 13 h used in Patil
et al. (2017) reports ~ 5 per cent error in recovering the flux density
of a known bright source. As we discuss later, we focus on deep
observations with >300 h of observation and therefore it is expected
that the flux of the sources around 1 mJy can be accurately modelled
with below 10 per cent errors. We assume no position errors for the
sky modelling.

2.3 The H1 signal

H1 resides mostly inside the dark matter halos after the EoR at z
< 6. The collapse of the cold gas leads to star formation, creating
strong correlations between the star formation rate and the molecular
(H») gas content of the galaxies (Leroy et al. 2008). Therefore, the
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clustering of HI can be related to the star forming properties of the
galaxies and can be used to constrain the galaxy astrophysics (e.g.
Wolz et al. 2016; Chen et al. 2021). At higher redshifts beyond
cosmic noon z > 2, the fraction of HI1 within galaxies start to
drop (Villaescusa-Navarro et al. 2018) and the distribution of the
HT tilts more towards the massive halos (Spinelli et al. 2020). Due
to the lack of direct observations on these HI emission sources
at higher redshifts, the properties of the H1 within halos are not
well understood, which can be dramatically improved by future H1
intensity mapping experiments.

The large sky area of (10.5 deg)?, and the 5 < z < 6 redshift bin,
result in a light cone of ~1500 Mpc in the transverse direction and
~500 Mpc in the los direction. For our purposes of exploring the
detectability of the signals, instead of using a full hydrodynamical
simulation, we use semi-analytical simulations based on dark matter
simulations and H1 Halo Occupation Distribution (HOD; Cooray &
Sheth 2002). It allows us to efficiently simulate the large volume
required. The detailed steps of our HI simulation are as follows:

(i) Assuming the Planck18 cosmology (Planck Collaboration
2020b), we use PINOCCHIO> (Monaco, Theuns & Taffoni 2002;
Monaco et al. 2013) to simulate nine boxes of dark matter distri-
butions, each with a volume of (620 Mpc)®. The total volume of
9 x (620 Mpc)? is to ensure that the lightcone falls well within the
simulated volume, avoiding edge effects. The total volume is divided
into nine sub-boxes to avoid computational difficulties.

(i) Each sub-box has 1850 grid points per side, resulting in a mass
resolution of ~ 3.25 x 10° My h™'. Note that this mass resolution is
likely not enough to resolve all the H1-rich halos (see e.g. Villaescusa-
Navarro et al. 2018). However, it is enough to capture the bias of the
H1 clustering which is sufficient for our purposes.

(iii) Each sub-box is simulated across the 5 < z < 6 redshift
bin with a snapshot taken at each observing frequency channel,
equalling a total of 66 snapshots (see Section 3 for specifications
of the observations). The halo positions relative to the centre of the
box in comoving space, the velocities, and the mass of the haloes are
taken.

(iv) The nine sub-boxes are then put together onto 3 x 3 grids
with the centres of the boxes re-positioned. We take the observer to
be at (0,0,0) and the centre of the 5th box is at (0,0,X ) where X e,
is the comoving distance at the centre of the 5 < z < 6 redshift bin.
The halos are re-positioned accordingly.

(v) The peculiar velocities of the halos are calculated given the
3D halo velocities and the position vectors. The halo positions are
modified to redshift space according to the Kaiser effect (Kaiser
1987).

(vi) Each halo is assigned an HI mass according to the HI HOD
of the IllustrisTNG simulation in Villaescusa-Navarro et al. (2018).
The H1 HOD follows My, = Mo(Mh/Mmm)"‘exp(—(Mmin/Mh)°'35)
with M, the halo mass. We adopt the parameter values at z = 5,
with My = 1.9 x 10° A~ Mg, Mpin = 2.0 x 10° 42" Mg, and « =
0.74. All HI masses are put into the halo centres, since we are only
interested in large scales k < 0.5Mpc~! and hence the halos are
unresolved. The HI masses are then multiplied by a constant factor
so that at each redshift the HI mass density, Quy, equals to 1073,
This is consistent with the observation of Crighton et al. (2015) and
ensures that the clustering amplitude is realistic.

(vii) The distances between the halos and the observer are calcu-
lated. For snapshot i corresponding to frequency channel i, the los

Zhttps://github.com/pigimonaco/Pinocchio
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Figure 2. The brightness temperature power spectrum of the H1 simulation
described in Section 2.3. In the top panel the blue solid line shows the 1D H1
power spectra for the central area of (1.5 deg)? in the simulated lightcone. The
shaded area shows the one standard deviation range of the input HI power
spectrum where the standard deviation is calculated from all the snapshots of
all the sub-boxes. The bottom panel shows the cylindrical power spectrum of
the central area of (1.5 deg)? in the simulated lightcone. The red dashed line
denotes the k = {0.1, 0.2, 0.3, 0.4} Mpc_1 contours for reference. The H1
power spectrum of the central area agrees tightly with the H I power spectrum
of the entire box, and is largely isotropic.

comoving distance range [Xi . , Xi 7is calculated according to the
channel bandwidth and central frequency. Only halos in the distance
range are selected.

(viii) A rotational matrix along y-axis to rotate the x—z plane is
applied to the halos so that the centre of the simulation corresponds to
the pointing centre RA = 0 h and Dec = —27 deg. The halo positions
are converted to angular coordinates. The H I mass is converted to the
flux density assuming that the flux is distributed as a step function
across the frequency channel. This is a reasonable assumption given
that the velocity resolution of SKA-Low at 5 < z < 6 is not high
enough to resolve the emission profiles of the H1 sources.

To validate our HI simulation, we compute the HI power spectra
for the nine sub-boxes, and compare to the central (1.5 deg)? area
of the light cone which we will use for imaging later. The resulting
average H1 power spectra for the boxes and for the central input
image is shown in Fig. 2.

We emphasize that the variance of the HI signal, shown as
the shaded area in Fig. 2, is underestimated. This is due to the
fact that we assume a deterministic relation between the HI and
halo mass, ignoring the scatter of the relation (see e.g. fig. 4
of Villaescusa-Navarro et al. 2018). The scatter comes from the
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Figure 3. Left-hand panel: The station layout used in our simulation. Each
dot denotes one station. Right-hand panel: The u—v distribution of the
simulation for a 12-h tracking of the EoRO field with a time resolution of
180 s. The colours denote the number of instantaneous baselines in one u—v
grid. Each u—v grid has a size of 16 x 16 m2.

assembly bias of halos, which can be introduced by the inhomoge-
nous reionization history (e.g. Long et al. 2022). In our case of
investigating the detectability in thermal noise dominated case, this
effect is negligible and we leave more realistic simulations for future
work.

Note that the (1.5deg)? image size corresponds to a maximum
length scale equivalent to k ~ 0.03Mpc~!. Scales larger than this
can not be probed by the image, as one can see from the top panel of
Fig. 2. At smaller scales, k > 1 Mpc~!, the HI power spectrum hits
the shot-noise plateau. This is not accurate and the actual shot noise
should be much lower. In our simulation, the HI is directly put as
point sources in the halo centres, so that the number density of H1
sources is underestimated (see Spinelli et al. 2020 for a discussion
of this). The actual shot noise should be much lower and requires
more in-depth modeling of the HI halo model (Wolz et al. 2019;
Chen et al. 2021). As we will discuss in Section 3, the minimum
k-scale probed in our simulation is X ~ 0.3 Mpc~! and therefore we
are not affected by this insufficient modelling. The cylindrical power
spectrum shown in the bottom panel of Fig. 2 indicates that the
H1 power spectrum from our simulation gives the correct isotropic
features, and therefore can be reliably used to study the detectability
of the H1 power spectrum in the presence of the foreground wedge.

3 SIMULATIONS OF OBSERVATIONS

In this section, we describe the simulation of the SKA-Low inter-
ferometer to observe the input sky signal discussed in Section 2, the
imaging routine to produce the image cube within the primary beam
FoV, and the power spectrum estimation.

3.1 From sky signal to image product

The SKA-Low array will consist of 131,072 log-period dipole
antennas within 512 stations covering the southern sky from 50 to
350 MHz. Since the specific station layout and specifications are not
finalized, we use the v3 station layout (de Lera Acedo et al. 2020)
assuming a frequency channel bandwidth of 510 kHz. We only take
the central area with 296 stations with a maximum baseline length of
3.15 km. The longest baselines are not of cosmological interest and
are thus neglected to reduce data volume. The frequency range we
simulate is from 202.56 to 235.76 MHz, covering redshift 5-6 with
66 frequency channels. The station layout is shown at the left-hand
panel of Fig 3.

The visibility data are simulated to represent one night of ob-
servation at the EoRO field. We assume a total integration of 12 h
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Figure 4. Left-hand panel: The power-square beam AZ(I, m) around the
pointing centre in our simulation. The primary beam is averaged across all
stations. The red square shows the (1.5 deg)? area within which the image cube
is produced. Right-hand panel: The PSF corresponding to the u—v coverage of
our simulation using natural weighting. Pixels with values ~0 are left blank.
Both figures have a size of (3 deg)? with 512 x 512 pixels. Note that both the
primary beam and the PSF are frequency-dependent and we show the values
at central frequency 220 MHz here for presentation.

with a time-resolution of 180 s in one tracking. The resulting u—v
coverage of the baselines is shown in the right-hand panel of Fig
3. The u—v coverage shown is dense within |[u| < 1000m (which
corresponds to the physical scale k < 0.5Mpc~!). Choosing the u—
v grid length to correspond to our image size, we find no loss of
u-v grid sampling, justifying the usage of a relatively coarse time
resolution.

Following the observational specifications discussed above, we
use the OSKAR® package (Mort et al. 2010) to generate the visibility
data. OSKAR takes in the telescope specifications, sky model and
observation strategy to simulate the primary beam, the u—v coverage
and the visibility data. It can also be used to generate dirty images,
which we use to produce the image cube. The sky area for the
imaging output is determined by the primary beam size. In the
calculation of the power spectrum, the primary beam attenuation
is squared since the power spectrum is the Fourier density field
squared (see e.g. Parsons et al. 2014). To image within the primary
beam field-of-view, we take the limit where the power-square beam
attenuation reaches ~0.5. The primary beam is largely Gaussian
near the pointing centre as shown in Fig. 4, resulting in power-
square beam having half the full width at half-maximum (FWHM)
comparing to the actual beam. The image size is accordingly set to
be (1.5 deg)? and we choose the pixel size to be (0.45 arcmin)? with
200 x 200 grids. We apply the W-projection algorithm (Cornwell,
Golap & Bhatnagar 2008) with natural weighting to the baselines to
produce the image cube. The power-square beam and the synthesized
beam (PSF) are shown in Fig 4. The PSF in Fourier space has a
FWHM of k ~ 0.3 Mpc~'.

Gaussian random noise are added to the visibility data to simulate
the thermal noise. The amplitude of the thermal noise is determined
by the radiometer equation (Wilson, Rohlfs & Hiittemeister 2013),
o = —ilo )

A8 f5t
where kg is the Boltzmann constant, Ty is the system temperature,
A, is the effective collecting area, §f is the frequency channel
bandwidth, &7 is the time resolution. We follow Braun et al. (2019)

3https://github.com/OxfordSKA/OSKAR
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Figure 5. The output dirty images of the simulations at the central 220
MHz frequency channel. The top panel shows the output dirty image of the
foregrounds. The central panel shows the H1image. The bottom panel shows
the dirty image of the thermal noise. The images have a size of (1.5 deg)?
with 200 x 200 pixels. The images are shown in the units of mJy per PSF.

and set the natural sensitivity A/Tiys = 1.235m?K~! to generate
random complex Gaussian on every baseline. The images at the
central frequency for the foregrounds, the H1, and the thermal noise
are shown in Fig. 5. All images are dirty images with no cleaning
routine applied. Throughout this paper, we use ‘Jy per PSF’ and
‘kelvin per PSF’ units for the images before deconvolution with
the PSE. The ‘PSF’ refers to the integrated PSF area in steradian
[ didm PSE(l, m). ‘Jy per PSF’ is more commonly referred to as ‘Jy
per beam’. We use ‘Jy per PSF’ to avoid confusion with the primary
beam.

In Section 5.1 when we discuss residual foreground removal, the
thermal noise is rescaled by a factor of /%sm /fini, Where tg, = 12 h is
the observation time for the simulated one tracking and t;;, is the total
integration time set to 360, 480, and 600 h for different scenarios.
The rescaling mimics coherent averaging of the visibility data over
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multiple nights. The thermal noise power spectrum is ~4 orders of
magnitude larger than the H1 power spectrum as we show in Fig. Al
in Appendix A.

3.2 Simulating systematics

Real observations will contain a wealth of systematics, including
the radio frequency interference (RFI), gain instabilities, calibration
errors, and more. While it is beyond the scope of this paper to properly
take into account all of the systematics, we aim to simulate the effect
of systematics that can lead to spectral instability in a simplistic way.
The systematics are simulated using

Vi@ v, fY = (14 8e)Vi, + Van, Q)

where V| . is the visibility data of the i" baseline without the
systematics and the thermal noise. Vyy is the thermal noise visibility.
desfollows a Gaussian distribution with zero mean and only depends
on the frequency channel. We simulate de; with different standard
deviations from 10~ up to 10~*. The systematic errors are multiplied
to the full visibility data before the assumed sky model subtraction.
This effect is a crude approximation for bandpass calibration error
averaged across all timesteps, creating fluctuations on small fre-
quency scales which will leak foreground power into the observation
window and bias the foreground removal techniques as we discuss
in Section 5. Note that the calibration errors are complex and have
smooth structures in frequency for H1 observations (see e.g. figs 2
and 3 of Byrne et al. 2019). In our case, we focus on the blind removal
of residual foreground after calibration and choose Gaussian errors
so that the foreground scatter is present across the delay space (see
Appendix B).

It is worth pointing out that the 200-240 MHz frequency range
hosts several prominent sources of RFI. Around 220 MHz there are
the RF11 and RF12 bands of digital TV (see e.g. fig. 2 of Offringa
et al. 2015), which can be identified through flagging algorithms
(e.g. Offringa et al. 2010; Wilensky et al. 2019). The larger end of
the frequency range ~240 MHz sits right next to military satellite
band (242-272 MHz) which may cause complete data loss of the
entire frequency range (see fig. 4 of Sokolowski, Wayth & Lewis
2015). The presence of this RFI forbids us to go below redshifts z <
5. Overall we expect that the 200-240 MHz frequency range can be
observed without substantial loss of data.

3.3 H1 power spectrum from the imaging route

The image cube can be used to estimate the H I power spectrum. We
compute the HI power spectrum from the imaged data instead of
measuring the delay power spectrum directly from the visibilities for
two reasons. First, the cosmological quantities such as the Hubble pa-
rameter and the comoving distance have significant evolution across
the large redshift bin Az = 1, making the delay power spectrum
estimation very difficult especially with regards to deconvolving w-
projection kernel and primary beam attenuation. Secondly, if we can
verify the detectability of one field in image space, we can probe
larger cosmological scales through image mosaicing of overlapping
fields.

To calculate the H1 power spectrum, we first transform the flux
density I(/, m, f) in the image cube into Fourier space brightness
temperature

3 & NI
T(kL,k|‘)=/7xexp[—ik~x] (%> %, (3)
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Figure 6. The H1 power spectrum estimated from the image cube using
H1-only visibility data (‘HT output’), compared against the input HI power
spectrum described in Section 2.3 (‘HI input’). The vertical black dashed
line corresponds to k = 0.3 Mpc~! where the effects of the PSF starts to
dominate.

where x = [l - D.(zc), m - Dc(2c), D.(zf)]is the physical coordinate
corresponding to the sky coordinate (/, m) and observing frequency f.
V is the comoving volume of the image cube. D.(z) is the comoving
distance at redshift z. z. is the centre of the redshift bin and zy =f>,/f —
1 is the redshift corresponding to the frequency f where f>, is the rest
frequency of the 21-cm line. A(x) is the primary beam attenuation.
A is the observing wavelength. The transverse coordinates for each
voxel are assigned assuming an effective comoving distance, which
is important to ensure that the operators for residual foreground
removal and Fourier transformation are commutable as we discuss
in Appendix A. T(k_, ky) is in the units of kelvin per PSF. The H1
power spectrum in 3D k-space is

|T (ke kp)?

Pui(k,, k) = — ,
[PSF(k_, fo)I?

C))
where PAST:(k 1, fo) is the 2D Fourier transform of the PSF at the
central frequency f,

PSE(k ., f.) = /dldm exp[ — 2mi(lu + mv)|PSF(, m, fo).  (5)

In the calculations above, several approximations have been made.
The frequency evolution of the PSF is assumed to be negligible over
the frequency bandwidth of the simulated observation. The physical
coordinates of the voxels are assigned assuming an effective comov-
ing distance. The flat-sky approximation is also used. While these
assumptions may not be accurate enough for precision cosmology, as
we show in Fig. 6, it can be seen that the output HI power spectrum
is within the 1o region of the input. It is sufficiently accurate for
studying the detectability of the signal. The scales probed are from
k ~ 0.03 Mpc~!, limited by the size of the image, to k ~ 0.3 Mpc~!,
limited by the image resolution due to the PSF. In the power
spectrum results shown hereafter, a Blackman—Harris frequency
taper is also applied to minimize potential leakage of foregrounds
and systematics, with the details discussed in Appendix A.

4 QUANTIFYING THE FOREGROUND WEDGE

In this section, we use the image cube from HI and foreground
visibility data without the thermal noise to explore the limits of
reducing foreground contamination. Without the thermal noise and
any systematics, the HI and foreground-only case showcases the
best possible scenario for residual foreground removal. It helps us
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Figure 7. The cylindrical power spectra for the H1 (left) and the foregrounds
(right) estimated from the output image cubes. Note that the PSF is not
deconvolved from the power spectra and the power spectra are in the units of
K2Mpc? /PSF2.

understand the requirements for sky modelling to enable detection
and locate the observation window in the k,—k; plane. We par-
ticularly focus on scales of cosmological interest k < 0.2Mpc~!,
especially the largest scale that can be probed using our image
cube k ~ 0.03Mpc~!. If these scales can be probed with little
foreground contamination, future surveys using wide-field imaging
and mosaicing can further extend the scales larger than the first
baryon acoustic oscillation (BAO; Eisenstein & Hu 1998) peak at

k ~ 0.04 Mpc~! to the linear scales for cosmological analysis.

4.1 Observation window using only foreground avoidance

We first use the HI-only image cube and foreground-only image
cube to estimate the power spectra for the H1 and the foregrounds to
compare them in cylindrical k-space. The cylindrical power spectra
for the HI and the foregrounds are shown in Fig. 7. Comparing
the ratio between the HI power spectrum and the foreground
power spectrum as shown in the top left-hand panel of Fig. 8, the
foreground power spectrum is larger than the H1 power spectrum at
ky < 0.12Mpc™!, leaving no observation window at linear and BAO
scales. In Fig. 8, the region where foreground power dominates does
not have a clear wedge structure. This is due to the fact that the bright
sources in the primary beam side-lobes, which contributes mostly to
the wedge structure at high &, are assumed to be already removed
in our simulation. Without the strong foreground emissions coming
from large angular extent (high delay time), the wedge structure at
high k£, no longer exists. The lack of wedge feature can also be seen
from observations (e.g. LOFAR observaions shown in Mertens et al.
2020; Hothi et al. 2021). As we demonstrate in Section 4.2, the wedge
structure reappears after foreground cleaning is applied to the data.
This is due to the fact that removing residual foregrounds reduces the
foreground power near the pointing centre, making the foreground
emission at larger angular distance comparatively brighter.

If we relax the 10 percent modelling residual as described in
Section 2.2 to an extreme 0.1 percent, k; < 0.05Mpc~! scales are
still lost as shown in the top right-hand panel of Fig. 8, which
invalidates the usage of the observations for cosmology. The result
suggests that even with extreme level of calibration and sky modelling
accuracy, it is unlikely that foreground avoidance can be used to
measure the H1 power spectrum at cosmological scales at5 <z < 6
due to the weakness of the H1 signal at these redshifts. We can use
foreground removal methods to mitigate the contamination at large
scales as we show in the following sections.

H 1 IM with SKA-Low 3731
10g10[Pii/Psg] 10g10[Pri/Prg X 10%]
0 1. 2 0 2 4 6
[ e I

107t 107!

k. [Mpc!]
[ |
20 00 05 10 15 20
1091 0[Pui/[PEER]

res

00 05 10 15
10910l Pri/ PR

res

Figure 8. Top left-hand panel: The ratio between the HI power spectrum
and the foreground power spectrum in cylindrical k| —k space. The vertical
red dashed line denotes the k = 0.3 Mpc ™! line where the effects of the PSF
start to dominate. Top right-hand panel: The ratio between the HI power
spectrum and the foreground power spectrum, with the foreground power
suppressed by a factor of 10*. Bottom left-hand panel: The ratio between the
H1power spectrum and the residual power spectrum after PCA cleaning. The
red dotted line denotes the ‘horizon limit’ k| = 0.24k, calculated according
to equation (11). Bottom right-hand panel: The ratio between the H1 power
spectrum and the residual power spectrum after GPR cleaning. In all the
panels shown, values below 1 are set to 1 for better presentation. The darkest
end of the colour scale corresponding to the region where the foreground
power is larger than the HI.

4.2 Residual foreground removal

In order to suppress foreground contamination down to the wedge
and create an observation window at large scales, we explore methods
of blind source subtraction to remove the residual foregrounds. We
focus on two methods commonly used, namely the PCA (e.g. Spinelli
et al. 2022) and GPR (e.g. Mertens et al. 2018; Soares et al. 2022).
Following Chen, Wolz & Battye (2023), with the observation window
enlarged due to the foreground cleaning we can choose a criteria for
the power spectrum estimation in 1D k-space

k|| > Ckkj_, (6)

where ¢y is a constant to be set. The value for ¢; can be found by
iteratively testing with larger values to the point where the 1D power
spectrum results converge.

We write out the general formalism for frequency—frequency
covariance based foreground removal methods

X, = CLC'X, @)

where X is the mean-centred image cube which has dimensions
of (Ny, N) with N the number of frequency channels and N, the
number of pixels in one frequency channel. Cy, is an estimation of
the covariance matrix for the foregrounds and C~! is the inverse of
the estimation of the total data covariance. For different methods
such as PCA and GPR, different choices of Cfg and C are used,
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producing different reconstructed foregrounds which we discuss in
detail in Section 5.1.

4.2.1 Foreground Removal using PCA

The PCA method separates the foregrounds by using the eigenvalue
decomposition of the frequency—frequency data covariance matrix
(e.g. Cunnington et al. 2021)

Co =XX"/(N, — ), (®)

The eigenvalues and eigenvectors of the covariance matrix are then
calculated. An estimation of the foregrounds can be extracted from
the data matrix using

XA = AATX, A = [Vi. vl ®

Here, v; is the eigenvector corresponding to the i™ largest eigenvalue
and a total of N, modes are removed. To link it to equation (7), we
can rewrite equation (9) as

XA = (AATC,) (Ca)7'X, (10)

where it is straightforward to see that, in the case of PCA, CPCA = Cd
and CfgCA = AATC,.

In our case, the eigenvalues of the data covariance reach a plateau
after the third eigenvalue, suggesting that N, = 3 is a good choice
for cleaning the foregrounds and avoiding overcleaning the signal.
The ratio between the H1 power spectrum and the residual power
spectrum after cleaning is shown in the bottom left-hand panel of
Fig. 8. Throughout the paper, the residual power spectrum is defined
as the power spectrum of the residual foreground image X.s = Xy, —
ng, where X, is the image of the input foregrounds and ng is the
removed foreground by either PCA or GPR.

Comparing Figs 7 and 8, the cleaning efficiently enlarges the
observation window at small & . If the foreground contamination is
optimally mitigated, the foreground wedge can be located using the
‘horizon limit” (Liu et al. 2014)

N H(z)D(2)8
ET 1+ 2)

where H(z) is the Hubble parameter, c is the speed of light and 6 is
the angular extent of the instrument beam. As a crude approximation
we choose 0y = 24/ Qpeam /T Where Qe is the integrated primary
beam which gives ¢! = 0.24. From the bottom left-hand panel of
Fig. 8, we can see that the foreground wedge is close to the horizon
limit which is marked by the red dotted line, showing that the
foreground cleaning is efficient. Iteratively increasing the threshold
we find that the 1D power spectrum converges at ¢, = 0.3, which we
use from now on in this paper.

, an

4.2.2 Foreground removal using GPR

GPR constructs the foreground component by fitting parameterized
kernels to the data covariance. Suppose we have the H1 kernel Ky,
the foreground kernel K, and the thermal noise kernels K, fitted,
then the estimated foreground can be written as (e.g. Mertens et al.
2018)

XOPR = K, (Kpg + Ky + Ki) ' X (12)

It is straightforward to see that, in the case of GPR, Copr = K, +
K, + Ky and C{P® = K.

The HI1 and the foreground covariance matrices are shown in
Fig. 9 for reference. The H1 covariance is highly diagonal, due to the
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Figure 9. The frequency—frequency covariance matrices for the HI (Cyy)
on the left and the foregrounds (Cfg) on the right. The covariance matrices
are calculated from HI-only and foreground-only image cubes following
equation (8).

discrete and uncorrelated nature of the H1 along the los. On the other
hand, the foreground covariance is smooth and shows a clear spectral
feature along the frequency direction, corresponding to the negative
spectral indices of the radio sources. Due to the spectral evolution
of the foreground covariance, the conventional choice of a Matérn
kernel (Matérn 1966) does not describe the foreground covariance
well. Instead, we use Markov chain Monte Carlo (MCMC) to fit the
kernels using the following steps:

(1) In each step, a random value o, is sampled and a diagonal
kernel K, = 0,78 is calculated where §¥ is the Kronecker delta. In
this section, K, is the HT kernel. Following Soares et al. (2022), in
Section 5 when thermal noise is included, K, is the sum of the HI
and the thermal noise covariance matrices.

(ii) The total data covariance matrix is then subtracted by the
diagonal kernel K,. A third-order polynomial fitting is then per-
formed on every row of the subtracted result, creating a fitted kernel
Kj. The kernel is then symmetrized to get the foreground kernel
K, = Kg + K§)/2.

(iii) The parameters for the kernels are then fitted by maximiz-
ing the log-marginal likelihood logp = —(XTK~!X + log|K| +
nlog2m)/2, where n is the number of data points sampled and K is
the sum of the kernels K = Ky, + K.

(iv) The MCMC fitting is then performed with 20 random walkers
with 2000 iterations to make sure the chains converge. The initial
guess of o, is taken to be the square root of the trace of the data
covariance. The final kernels are the 50 per cent percentile of the K,
and the Ky, samples in the chains excluding the first 100 steps.

Note that after GPR cleaning, a bias correction can be applied as
shown in Mertens et al. (2018). We follow the quadratic estimator
formalism of Kern & Liu (2021) and show in Appendix A that the bias
correction term in our case is negligible. The resulting foreground
residual power spectrum compared to the HI power spectrum is
shown in the bottom right-hand panel of Fig. 8. Comparing the
foreground wedge in the GPR case with the horizon limit and with
the PCA case, we can see that in the absence of thermal noise, GPR is
slightly more efficient in cleaning the foregrounds and both methods
do well enough to enable the detection of the HI at large scales
k < 0.1 Mpc~!. At the largest spatial scales of the image, there is
negative residual power from overcleaning. The differences between
these two methods are discussed later in Section 5.1.
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Figure 10. The 1D HI1 power spectrum results from image cubes of H1
and foreground using foreground removal methods measured in the k| >
0.3k, regions. The blue data points shows the results from PCA and the
yellow points show the results from GPR. The vertical dashed line denotes
k = 0.3 Mpc~! where the effects of PSF start to dominate. The centres of the
k-bins are misplaced by 5 per cent for presentation.

The success of the methods in cleaning the foregrounds indicates
that we can measure the HI power spectrum from the SKA-Low
observation at 5 < z < 6, as we show using the 1D power spectrum in
Fig. 10. As mentioned, both methods can enable the measurements of

the H1 power spectrum from k ~ 0.05 Mpc~' up to k ~ 0.3 Mpc~'.

5 FORECASTS FOR SKA-LOW

In this section, we further explore the detectability of the H1 power
spectrum for SKA-Low observations by including different levels
of thermal noise in the simulation. In particular, to enable the
measurement of the HI power spectrum, the robustness of the
foreground removal methods in the presence of the thermal noise
must be tested. Furthermore, we simulate systematics by generating
stochastic errors along the frequency direction to test the limits of
level of systematics allowed.

5.1 Robust foreground cleaning with low SNR

In Section 4.2, we show that the foreground removal methods can
suppress the foreground wedge to the horizon limit. However, this
result is based on the fact that the empirical data covariance is
‘clean’, i.e. the covariance is purely a combination of the HI and
the foregrounds. Therefore, the distinctive features of the HI can
be extracted from the signal using PCA and GPR. In reality, the
data covariance is likely to contain a high level of thermal noise as
well as systematics, making it difficult to construct the covariance of
the foregrounds. We test PCA and GPR in the presence of different
levels of thermal noise. As described in equation (1) in Section 3.1,
we simulate the thermal noise for the 12h tracking and rescale it to
match 360, 480, and 600 h of integration time.

We first show the results for the 360 h case and compare the
effects of foreground removal methods. The PCA and GPR routines
are kept the same as in Section 4.2 with the observation window
¢y = 0.3. The ratio between the underlying HI power spectrum
and the foreground residual after removal in cylindrical k-space
is shown in Fig. 11. In contrast with the results shown in Fig. §,
the amplitude of the residual power increases significantly. For the
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Figure 11. Left-hand panel: The ratio between the HI power spectrum and
the residual foreground power spectrum in cylindrical k| —k|| space using the
PCA cleaning. Right-hand panel: The same with the left-hand panel except the
residual is obtained using the GPR cleaning. All panels shown have values
below 1 set to 1 to separate the observation window from the foreground
wedge. The vertical red dashed line denotes the k = 0.3 Mpc ™' line where
the effects of the PSF start to dominate. The red dotted line denotes the
boundary for the observation window k| = 0.3k .
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Figure 12. Left-hand panel: The estimated H1 image Xy defined in
equation (13) using the PCA cleaning at the central 220 MHz frequency
channel. Right-hand panel: The same with the left-hand panel except the
residual is obtained using the GPR cleaning. The colour scales of the images
are set to range from —0.11 to 0.13 mJy per PSF for fair comparisons. The
residual images obtained from PCA and GPR are similar with each other, yet
the level of foreground leakage differs significantly as shown in Fig. 11.

PCA case, the observation window is heavily contaminated by the
foregrounds while the contamination is less severe in GPR. Note that
this difference is not visible in the residual image cube as we show
in Fig 12. The amplitude of the fluctuation of the residual is roughly
the same with no indications of the different levels of foreground
contamination.

The difference between PCA and GPR can be seen using the
formalism in Section 4.2. Comparing equations (10) and (12), we
can see that GPR uses the fitting result to obtain smooth kernels
of the HI and the foregrounds for cleaning. On the other hand,
PCA directly operates on the total data covariance, which contains a
fluctuation around zero in the non-diagonal elements because of the
thermal noise. The fluctuation of the thermal noise leads to small-
scale oscillations in the residual covariance. For comparison, we
calculate the covariance of the ‘estimated’ H1, i.e. the total image
subtracted by the removed foreground and the noise component

R = Xo — Xo — K. (13)
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Figure 13. Left-hand panel: The frequency—frequency covariance of the
‘estimated” H1 image Xy obtained using the PCA cleaning. Right-hand
panel: The same with the left-hand panel except the residual is obtained using
the GPR cleaning.
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Figure }4. The frequency—frequency covariance of the residual foreground
image Xes obtained using the PCA cleaning (‘PCA res’) and the GPR
cleaning (‘GPR res’) for the central row Cy, with f. =220 MHz. The H1
covariance is shown in blue solid line (‘HT1’) for reference.
Comparing the covariance of XFS* and XSR as shown in Fig. 13,
we can see that while the amplitude of the covariance is roughly
the same and close to the true HI shown in the left-hand panel of
Fig. 9, the PCA case has large fluctuations across the frequency chan-
nel, leading to the stripe-like features in the frequency—frequency
covariance matrix. While this fluctuation is also present in GPR,
its amplitude is much smaller and the dominating component is
still the diagonal H1 covariance. For PCA, however, this fluctuation
introduces a small-scale fluctuation that spills foreground power into
the observation window, resulting in severe signal loss at all scales
including scales where the foreground power is originally already
lower than the HI as shown in the upper left-hand panel of Fig. 8.
To further illustrate the small-scale contamination, we calculate the
covariance matrices for the residual foreground X,es for PCA and
GPR and compare them with the H I covariance as shown in Fig. 14.
Both methods have clear foreground residual structure over large
frequency scales. However, the PCA residual has a much larger
small-scale fluctuation with the amplitude larger than the diagonal
H1. The small-scale fluctuation results in severe contamination in
high k| modes inside the observation window as shown in Fig. 11.
When comparing PCA and GPR, we assume full knowledge of the
true H1, thermal noise, and foregrounds in our simulation to perform
quality checks on the foreground removal methods. It is important
to note that the foreground removal and power spectrum estimation
routines do not rely on knowing the underlying components. The
foreground removal is performed blindly and the H I power spectrum
is estimated by subtracting a thermal noise covariance as discussed in
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Figure 15. The 1D HI power spectrum measurements with 360 h of
integration time after residual foreground cleaning. The error bars on the
horizontal axis denote the width of the k-bins and the error bars on the
vertical axis denote the errors of the bandpower estimation. The results for
GPR are shown in the shape of cross (‘GPR’) and the results for PCA are
shown in the shape of squares (‘PCA’). The shaded region denotes the input
H1 power spectrum (‘Input HT’).

Appendix A. We choose logarithmically distributed k-bins from 0.01
to 1 Mpc~! with A[log(k/Mpc~")] = 0.25 and show the resulting 1D
power spectrum for 360 h of integration time for both PCA and GPR
in Fig. 15. Throughout this paper, the error bars on the 1D power
spectrum are calculated by calculating the sampling variance of the
3D powers that fall into the 1D k-bins. The resulting measurement
errors on the power spectrum are

std[P(k € k; )]
vV llnodcs

where std[P(k € k;)] denotes the standard deviation among the 3D
powers that belongs in the ith k-bin and N/ .. denotes the number
of k-points in the ith k-bin.

As shown in Fig. 15, the foreground contamination leads to
overestimation for the GPR case from k ~ 0.03-0.3 Mpc~!. The
severe contamination of foregrounds results in signal loss on most
scales for the PCA case. In conclusion, we find that in the presence
of high thermal noise, PCA induces foreground contamination into
the observation window due to the small-scale fluctuation in the data
covariance matrix. On the other hand, GPR does not introduce sizable
foreground leakage into the observation window and mitigates the
foregrounds to enable the measurements of the HI power spectrum
at large scales.

Using GPR, we present our forecasts for the H1 power spectrum
measurement for SKA-Low observations of the EoRO field assuming
360, 480, and 600 h of integration time in Fig. 16. The power
spectrum results converge to the input H I as the noise level decreases.
For 360 h of integration time, all bandpower measurements are within
the 1o error of the input HI with the bandpower at k ~ 0.05Mpc ™!
slightly overestimated due to foreground contamination. While not
shown, we also tested that decreasing the integration time to 250 h
results in the bias exceeding the 1o error. We conclude that the
integration time of one field needs to be greater than 250 h to enable
unbiased measurements of the HI power spectrum. In the case of
480 h, the HT power spectrum can be measured with ~3 signal-to-
noise ratio (SNR) from k ~ 0.03 to 0.3 Mpc~'. Further increasing
the integration time to 600 h, we find that the bias further decreases

AP(k) = (14)
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Figure 16. Top panel: The 1D HI power spectrum measurements with 360,
480, and 600 h of integration time after GPR foreground cleaning. The error
bars on the horizontal axis denote the width of the k-bins and the error bars on
the vertical axis denote the errors of the bandpower estimation. The shaded
region denotes the input H1 power spectrum (‘Input H1’). The centres of the
k-bins for the 360 and 600 h cases are misplaced by 5 per cent in k-direction
for better presentation. Central panel: The fractional difference between the
estimated H1 power spectrum and the underlying H1 input Ap = (Py; —
Puy)/ Pai. The black dotted line denotes Ap = 0. Bottom panel: The signal-
to-noise ratio (SNR) of the measurements. The black dotted line denotes
SNR = 1.

and the error bar scales as 4/%;y, suggesting that the thermal noise is
the dominant source of the measurement errors.

5.2 Impact of systematics on foreground removal

Interferometric observations contain various systematics, such as
RFI, gain fluctuations, calibration errors, etc. These systematics
impact the HI power spectrum measurement in various ways. For
example, the data loss coming from RFI requires inpainting or
novel Fourier transform methods which leaves residuals in the
power spectrum (Trott et al. 2016; Pagano et al. 2022). Imperfect
calibrations leaks the foreground power into the observation window
(Barry et al. 2016). Gain and phase errors contribute to the foreground
contamination in the H1 power spectrum (Mazumder et al. 2022). As
a proof of concept, we are aiming to give a qualitative assessment of
the impact of the systematics. Following equation (2), we set std(dey)
to 1075, 5 x 1073, and 10~ to check the resulting power spectrum
estimation. All foreground removal and power spectrum estimation
steps are kept the same as Section 5.1 and we choose the integration
time to be 600 h to isolate the impact of the systematics. Previous
literature suggest that <107 level of systematic error is needed for
the measurement (Barry et al. 2016; Mazumder et al. 2022). Note
that, however, as we simulate the systematics as a random error on
the true signal, it acts as a small frequency-scale fluctuation on the
residual foregrounds which can be partially mitigated. Therefore,
using methods such as GPR, we can still recover the observation
window with the level of systematics higher than 107>,

In Fig. 17, we show the HI power spectrum measured from the k|
> 0.3k, window with the signal perturbed by the 1075, 5 x 1073,

Hi1IM with SKA-Low 3735
101
t Input HI
—_— _+_ 1075
5x 1073
~— 1072 {00 4+ 10°*
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Figure 17. The HI power spectrum measured from the residual foreground
removed image cube as described in Section 5.2 for different levels of
systematics (1073, 5 x 1073, and 10~*). The error bars on the horizontal
axis denote the width of the k-bins and the error bars on the vertical axis
denote the errors of the bandpower estimation. The shaded region denotes the
input H1 power spectrum (‘Input HT’). The centres of the k-bins for the 107>
and 10~ systematic effect cases are misplaced by 5 per cent in k-direction
for better presentation.

and 10~ systematic error. For a very small level of 107> systematic
effects, the GPR foreground removal method is unaffected by the
systematics and removes the residual foreground sufficiently. As
we increase the level of systematics to 5 x 1073, the foreground
starts to leak into the observation window especially at small scales,
leading to overestimation of the HI power spectrum. Increasing the
systematics to 10~ the contamination becomes severe and leads to
biased estimation of the HI power spectrum at all scales.

Similar to Section 5.1, we can use the covariance matrices to
show that the systematic effects break the frequency smoothness of
the foreground, leading to biased foreground removal results. The
covariance matrices of the ‘estimated’ HI in presence of different
levels of systematics are shown in Fig. 18. When no significant
systematic effects are included as shown in the top panels, the
reconstructed HI covariance matrix is largely diagonal, suggesting
that no sizeable foreground leakage is present. However, as we
increase the level of systematics to 5 x 1073, the small-scale stripes
similar to the ones discussed in Section 5.1 appear. For the 5 x 107>
case, we can see that the diagonal component is still dominant and
indeed as shown in Fig. 17 the H1 power spectrum is still accurately
measured. Increasing the level of systematics to 107#, we can see that
the covariance is completely dominated by the contamination from
the systematics, leaving no observation window for the H1 at all. In
conclusion, the level of residual systematics needs to be contained at
<10* and ideally < 5 x 107> for accurate measurement of the H1
power spectrum.

6 CONCLUSIONS

In this paper, we present the first proof of concept for measuring the
H1power spectrum at 5 < z < 6 using SKA-Low. We have presented
an end-to-end simulation and data analysis pipeline, generating the
sky signal, the interferometric observation, performing the imaging
and the power spectrum estimation. We use the pipeline to generate
realistic simulations consistent with deep observations of the EoRO
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Figure 18. Top left-hand panel: The frequency—frequency covariance matrix
CXSPR of the ‘estimated” HI image Xy; obtained using the GPR cleaning
1

with no systematics. Top right-hand panel: The same covariance matrix with
the left-hand panel except the simulation includes systematic effects with
107 fluctuations. Bottom left-hand panel: The same covariance matrix with
5 x 1073 systematic effects. Bottom right-hand panel: The same covariance
matrix with 10~* systematic effects.

field using SKA-Low and test foreground mitigation methods to
present our forecasts for future SKA-Low observations.

We start by simulating the input sky signal including the H1
and the foregrounds. Galactic foregrounds are generated based on
templates from observed maps of the radio sky and extrapolated
to the frequency range of our interests. We use a realistic radio
source catalogue to simulate the extragalactic radio sources. The H1
clustering signal is generated by using large-volume, realistic dark
matter halo simulations with an HI HOD inpainting. Generating the
sky signal with different levels of foreground residuals compared
with the underlying H signal, we find that:

(i) Assuming a realistic amplitude for foreground residuals after
sky model subtraction to be at ~80 mly in the image cube,
the foregrounds reside mainly at low k; < 0.1Mpc™!, leaving an
observation window at high k; for estimation of the HI power
spectrum. Residual foregrounds need to be subtracted using blind
source separation methods to enable the measurement of the H1
power spectrum at large cosmological scales k < 0.1 Mpc™!.

(ii) Testing PCA and GPR to remove the residual foregrounds, we
find that if bright sources with flux density > 10 mlJy are subtracted
with the rest of the sources being modelled to 90 per cent accuracy,
removing the residual foreground can enable detections of the H1
power spectrum at large scales. The foreground wedge is consistent
with the intrinsic foreground power coupled with the instrument
chromaticity, with the wedge corresponding to the primary beam
size.

MNRAS 524, 3724-3740 (2023)

(iii) Assuming no contribution from thermal noise and systematic
effects, the empirical data covariance matrix calculated from the
image cube reflects the true underlying covariance of the sky
signal. Therefore, PCA and GPR can both sufficiently remove the
foregrounds with trivial differences between these two methods.

(iv) From the image cube with (1.5deg)? sky area within the
primary beam FoV, we can measure the HI power spectrum from
k ~0.02Mpc~! to k ~ 0.3 Mpc~.

The results suggest that measuring the HI power spectrum at 5 <
z < 6 for cosmological analysis using SKA-Low is viable and will
open up a new window for cosmology in the near future. Using wide-
field imaging and/or mosaicing, we can probe linear cosmological
scales k ~ 0.01 Mpc™' to quasi-linear scales k ~ 0.3Mpc~!. The
wide range of clustering scales probed can be used to constrain
cosmology (Pourtsidou 2023).

The detection of the HT signal at large cosmological scales de-
pends heavily on the robustness of foreground mitigation strategies.
Simulating different level of depths for the observation, we find that:

(1) In general, future observations using SKA-Low contain a high
level of thermal noise fluctuations. The effects of the thermal noise
on the data covariance are visible even for deep observations >250 h.

(i1) The thermal noise fluctuations in the empirical data covariance
matrix make residual foreground removal more difficult. Thermal
noise creates numerical features on the foreground-removed image
cube on small frequency scales, breaking the spectral smoothness of
the data covariance.

(iii) As a result of the spectral fluctuations, foreground removal
methods induce numerical artefacts on small frequency scales. The
numerical artefacts leak power into the observation window which
leads to significant bias on the H1 power spectrum estimation. Even
scales k; > 0.1 Mpc~! which can be probed with just foreground
avoidance can be contaminated.

(iv) Comparing PCA and GPR, we find that GPR performs much
better in the presence of thermal noise. The key factor is that GPR uses
smooth kernels to model the signal and apply the fitted kernels instead
of the actual data covariance matrix for the foreground removal.
For observation with integration time >250 h, GPR can sufficiently
remove the foregrounds and allow unbiased estimation of the H1
power spectrum for k| > 0.3k, regions.

(v) For the integration time of 600 h, SKA-Low will be able to
measure the HI power spectrum in the 5 < z < 6 bin from 0.03 to
0.3Mpc~! with a SNR of ~5 across the scales.

In conclusion, the viability of detecting the cosmological H 1 power
spectrum at 5 < z < 6 using SKA-Low depends on deep observations
to preserve the spectral smoothness of the data covariance to facilitate
sufficient foreground removal. It will allow accurate measurement
of the H1 power spectrum, on the premise that deep fields with
effective integration time 2 300 h are observed. Our results not only
solidify the science case of measuring post-reionization cosmology
with SKA-Low, but also provides insights into survey design for
maximizing the scientific output of the instrument.

Finally, we provide a qualitative study into the systematic effects
by introducing spectral fluctuations that can originate from bandpass
instabilities and calibration errors. Testing the data analysis pipeline
for different levels of systematics we find that:

(1) Systematic effects such as bandpass instabilities will introduce
fluctuations in the small frequency interval, breaking the spectral
smoothness of the foregrounds. It leads to spillover of the foreground
power into the observation window outside the foreground wedge.

€20z 1snBny GO U0 159NB AQ | 0¥ZZ /YT LE/E/YES/I0IE/SBIUL/WOY dNO"0IWepED.//:SAY WOy PapEOjUMOQ



(ii) In the image cube averaged across all timesteps, the effective
systematic errors across the frequency channels need to be small to
suppress the contamination. If the level of the systematics is above
107, the power spectrum measurement will be biased across all
scales of interests.

(iii) For systematic errors < 5 x 1073, we find that using GPR
to perform foreground removal gives unbiased estimation of the H1
power spectrum.

The requirements on containing the systematic errors below 1
percent level again highlight the need for deep observations with
good understanding of the sky model and the instrument. With
the unprecedented power of the SKA-Low array, we expect that
future surveys will be sufficiently systematic-mitigated to enable
the detection of the HI power spectrum for the high redshift, post-
reionization Universe.

Our work strongly favours using the future SKA-Low data for
H1 science after cosmic reionization. We have demonstrated that
the H 1 power spectrum can be measured with statistical significance
using observational depth that can easily be reached using SKA-Low.
Furthermore, we have showcased residual foreground removal using
GPR that suppresses the foreground wedge to probe cosmological
scales, which is robust in the presence of a reasonable level of
systematic effects. The tools presented in this paper can be further
used for more realistic simulations of SKA-Low observations to
develop the data analysis pipeline towards future detections.
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APPENDIX A: QUADRATIC ESTIMATOR FOR
POWER SPECTRUM ESTIMATION

‘We present the quadratic estimator for the power spectrum estimation
used in this paper, following equations (3) and (4). The aim of using
the quadratic estimator formalism is to incorporate renormalization
of the estimator after the operations of foreground cleaning and
frequency tapering. It also performs bias correction to remove the
thermal noise power spectrum and potentially some bias from the
GPR cleaning. Our formalism follows closely the work of Kern &
Liu (2021) and Chen et al. (2023). Note that we are not aiming to
construct the covariance for the total data vector with the number of
elements being the number of pixels times the number of frequency
channels N,ix x Ny. The resulting covariance matrix of size (Npix X
Np)? is too large and therefore not of our interests for a preliminary
study. Instead, we construct the estimator for each pixel across the
k|| direction, so that we are only dealing with one pixel at a time with
a covariance matrix of size Ny x Nj.

In this section, we use i to denote the ith pixel in the Fourier
transformed image cube. For each pixel, the Fourier density gives
a bandpower vector (p}),, with the ath element being the power
spectrum at (kl, kif). The quadratic estimator can be written as

P)e = (@) "ELd —b,, (A1)

where E! and b, are the estimation matrix and bias correction
respectively. Here, d' is the data vector along the frequency direction
for the ith pixel. We collapse the Fourier transform along the
transverse directions and the PSF deconvolution in this data vector
so that for the jth frequency channel

- d2 .
d); :/ ‘);ltaxp[—ik’L -xl}

( A2 )2 I(xL,xi{)
X —_— _—
2kg / A%(xy, xj)

The estimation matrix E/, can be written as

(A2)
PSE(K', f.).

(E), = ZMWRTTTF*wﬂFTR = ZMaﬂRTTTC,ﬁTR, (A3)
B 5

where M, is the renormalization matrix, T is the frequency taper,
wp is the selection matrix with all elements being zero except the Sth
diagonal element and F is the 1D discrete Fourier transform kernel
along the frequency direction. C g = Ffw ¥ is the Fourier operator.
R is the foreground removal operation. For PCA as described in
equation (9), the removal matrix is R = I — AAT where I is the
identity matrix. For GPR as described in equation (12), the removal
matrix is R = T — K, (Kp, + Ky + Ki)
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Figure Al. Left-hand panel: The cylindrical power spectrum of the thermal
noise calculated using tr[NEg] for the case of 360 h of integration time. Right-
hand panel: The cylindrical power spectrum of the GPR bias correction using
tr[ngEg] for the case of 360 h of integration time.

The renormalization matrix can be calculated by taking the
expectation value of equation (A1)

(D)) = > tr[C4EL](ph)p + tr[ (N + Crp ) ES] — 5. (Ad)
B

Following Kern & Liu (2021), we can form the quantity
Hyp = tr[RITTC ,TRC ], (A5)

and choose M = H™'? (Tegmark, Hamilton & Xu 2002) to renor-
malize the estimator.

In order to remove the bias in the power spectrum estimation from
the foregrounds and the thermal noise, from equation (A4) we can
choose

b = tr[(N + Cp,)ES] (A6)

to remove the bias. In reality though, we do not know the underlying
thermal noise and the foregrounds. In order to remove the noise bias,
we calculate N by simulating 1000 realizations of the thermal noise
using the same on. Here, oy is assumed to be a known quantity,
which is the case for our simulation. In real observations, a good
estimation of oy can be obtained by calculating the fluctuations
of the Stokes V visibility data on long baselines (e.g. Paul et al.
2021). For each realization, we pass the visibility data to the same
imaging pipeline to generate the image cubes. For each pixel in
the image cube, we then calculate the average frequency—frequency
correlation across all realizations to obtain an estimation of N. We
bin the resulting noise bias tr[NEg] into cylindrical k-space and show
the thermal noise power spectrum in Fig. A1 for the case with 360 h
of integration time. The vertical stripes follow the baseline densities
on different scales.

The covariance of the foregrounds can be extracted from the
GPR fitted kernel Ky,. Note that, since we work on the frequency—
frequency covariance, K¢, E is the same for each pixel, and therefore
there is no k; dependence of the bias term as shown in the right-hand
panel of Fig. A1l. We note that this is not a result of GPR but the
result of our simplified quadratic estimator formalism. Nevertheless,
it gives us a good estimation of the order of magnitude of the GPR
bias correction. As one can see, the correction is at least two orders of
magnitude smaller than the H 1 signal shown in Fig. 15, and therefore
this bias correction is negligible in our case.

Finally, we comment on the fact that in the power spectrum
estimation, the 2D Fourier transform shown in equation (A2) is
applied to the data before the GPR removal R, while the GPR
fitting for the kernels are done on the original data vector before
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the transform. These two operations are commutable, as the GPR
removal only operates along the frequency direction, independent of
the 2D Fourier transform on the transverse plane. We verified that
there is no visible difference in the resulting power spectrum if these
two operations are swapped. Performing the 2D Fourier transform
first allows us to only construct the estimator one pixel at a time,
providing massive speed-up.

APPENDIX B: CAVEATS OF THE SIMULATIONS

‘We discuss the limitations of our simulation settings. Specifically, we
quantify the effects of limited (10.5 deg)? sky area for the input signal,
coupled with the instrument beam which gets cut off at 1 per cent at
the 10.5 deg angular extent. Furthermore, we discuss the Gaussian
calibration errors simulated in terms of its structure in frequency.
The primary beam of the instrument is shown in Fig. B1. Around
the centre (10.5deg)? region, the beam only goes down to 1072,
introducing sharp features in the simulation. We first note that, as
discussed in Section 4, the image power spectrum does not show
a clear wedge structure due to the small image size. To investigate
the chromatic structure of the data, we instead calculate the delay
power spectrum directly from visibility and present it in Fig. B2. As
shown in the top panel, the full foreground delay power spectrum
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Figure B1. The primary beam of the instrument around the pointing centre
in our simulation. The image size is (20 deg)”. The beam is simulated at the
central frequency 220 MHz and averaged over all time steps for one station.
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Figure B2. The delay power spectra of the visibility data in our simulation.
Left-hand panel: The delay power spectrum of the full foreground signal.
Central panel: The residual foregrounds. Right-hand panel: the H1signal. The
|u| and n range correspond roughly to the k-range of the cylindrical power
spectra shown in the paper. The black dashed line denotes the foreground
wedge.
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Figure B3. The delay power spectra of the visibility data after applying gain
errors. Left-hand panel: The delay power spectrum of the residual foreground
signal with no error applied. Central panel: The residual foregrounds with
Gaussian errors as shown in the top and the delay power spectrum shown in
the bottom. Right-hand panel: The residual foregrounds with sine errors.

shows a clear wedge structure. Above the wedge, the effect of sky
signal getting cut off at 10.5 deg can be seen as the diamond-shape
structures. Assuming the bright sources are removed as described
in Section 2, we calculate the delay power spectrum of the residual
foregrounds shown in the centre panel of Fig. B2. The chromatic
features disappear as there is no bright emission coming from the
beam sidelobes. Finally, we also present the delay power spectrum
of the H1signal in Fig. B2 to show that the sky cut-off does not affect
the H1 simulation.

The calibration errors for SKA-Low observations are likely
smooth in frequency (Byrne et al. 2019), which are not the Gaussian
random fluctuations we use. Using the delay power spectra, we then
investigate the assumption of the Gaussian gain errors described in
Section 3. For comparison, we simulate another type of error that
follows the sine function with a period of 15 frequency channels.
The errors are then rescaled so that the standard deviation across
the channels is 10™*. The sine errors are then compared against the
Gaussian errors as shown in Fig. B3.

For the sine error case shown in the right-hand panel, the
foreground wedge gets lifted into higher delay. Comparing to the
Gaussian error case in the central panel, the leakage still concen-
trates around relatively low delay. This means that the foreground
contamination can be easier to remove for GPR, as its structure has
large frequency intervals. In the Gaussian case, however, the scatter
of the foreground power into higher delay is visible across all scales.
The foreground contamination is at the smallest frequency interval,
which is difficult to distinguish from the H1 signal. Therefore, we
conclude that the conclusions reached in Section 5.2 are robust, as
the foreground contamination is not an optimistic case.

We emphasize that the smooth frequency structures of the gain
errors pose other challenges in sky modelling and continuum sub-
traction, which are beyond the scope of this paper and left for future
work.
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© The Author(s) 2023.

Published by Oxford University Press on behalf of Royal Astronomical Society. This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

MNRAS 524, 3724-3740 (2023)

€20z 1snBny GO U0 159NB AQ | 0¥ZZ /YT LE/E/YES/I0IE/SBIUL/WOY dNO"0IWepED.//:SAY WOy PapEOjUMOQ


https://creativecommons.org/licenses/by/4.0/

	1 INTRODUCTION
	2 SIMULATIONS OF THE RADIO SKY
	3 SIMULATIONS OF OBSERVATIONS
	4 QUANTIFYING THE FOREGROUND WEDGE
	5 FORECASTS FOR SKA-LOW
	6 CONCLUSIONS
	ACKNOWLEDGEMENTS
	DATA AVAILABILITY
	REFERENCES
	APPENDIX A: QUADRATIC ESTIMATOR FOR POWER SPECTRUM ESTIMATION
	APPENDIX B: CAVEATS OF THE SIMULATIONS

