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Abstract
Spectral-line results from a new cryogenic phased array feed (cryoPAF) on the Murriyang telescope at Parkes are presented. This array offers
a significant improvement in field of view, aperture efficiency, bandwidth, chromaticity, and survey speed compared with conventional
horn-fed receivers.We demonstrate this with measurements of sky calibrators and observations of 21-cm neutral hydrogen (HI) in the Large
Magellanic Cloud (LMC) and the nearby galaxyNGC 6744.Within 0.3 deg of the optical axis, the ratio of system temperature to dish aperture
efficiency (Tsys/ηd) is 25 K, and the ratio with beam efficiency (Tsys/ηmb) is 21 K (at 1.4 GHz). For the previously measured Tsys = 17 K,
respective efficiency values ηd ≈ 0.7 and ηmb ≈ 0.8 are derived. Our HI observational results are in good agreement with previous results,
although detailed comparison with multibeam observations of the LMC suggests that the earlier observations may have missed an extended
component of low-column-density gas (∼8× 1018 cm−2). We use the cryoPAF zoom-band and wideband data to make a preliminary
investigation of whether the large number of simultaneous beams (72) permits the use of novel data reduction methods to reduce the effects
of foreground/background continuum contamination and radio-frequency interference (RFI). We also investigate if these methods can
better protect against signal loss for the detection of faint, extended cosmological signals such as HI intensity maps. Using robust higher-
order singular value decomposition (SVD) techniques, we find encouraging results for the detection of both compact and extended sources,
including challenging conditions with high RFI occupancy and significant sky continuum structure. Examples are shown that demonstrate
that 3D SVD techniques offer a significant improvement in noise reduction and signal capture compared with more traditional layered 2D
techniques.
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1. Introduction

Multifeed radio telescopes have revolutionised radio astronomy
over the last few decades. They have expanded the field of view
over which sensitive observations can be gathered, with only
minor losses in other parameters such as system temperature,
off-axis efficiency, bandwidth and polarimetric performance.
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Examples of such systems at gigahertz frequencies include the
MIT-NRAO 7-beam receiver used to conduct the PMN contin-
uum surveys (Condon, Broderick, & Seielstad 1989); the Parkes
multibeam receiver (Staveley-Smith et al. 1996) used to conduct
HIPASS (Barnes et al. 2001) and the pulsar surveys (Manchester
et al. 2001) responsible for the discovery of fast radio bursts (FRBs)
(Lorimer et al. 2007); the Arecibo L-band Feed Array (ALFA)
on the late Arecibo telescope, used to conduct the ALFALFA HI
survey (Giovanelli et al. 2005); and the 19-beam array on the Five-
hundred meter Aperture Spherical Telescope (FAST) being used
to conduct several HI, pulsar and FRB surveys (Li et al. 2018).

More recently, a new type of multifeed technology for reflec-
tor antennas, the phased array feed (PAF), has been developed.
The main example is the Australian SKA Pathfinder (ASKAP),
which consists of 36 dishes each fitted with a PAF with 36 beams
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(Hotan et al. 2021). Notwithstanding the fact that the ASKAPPAFs
are held close to ambient temperature, and therefore have a high
system temperature of about 75 K, ASKAP is conducting world-
class continuum, spectral line, polarisation and transient surveys,
including RACS (McConnell et al. 2020), WALLABY (Koribalski
et al. 2020), GASKAP (Dickey et al. 2013), EMU (Hopkins et al.
2025) and VAST (Murphy et al. 2013). It was also responsible
for the early localisation of numerous FRBs, leading to the even-
tual detection of the ‘missing ordinary matter’ in the Universe
(Macquart et al. 2020).

Similarly, the APERture Tile In Focus (Apertif) system (van
Cappellen et al. 2022) was deployed on the Westerbork Synthesis
Radio Telescope (WSRT) for a number of years and used to
conduct successful northern hemisphere observations of extra-
galactic HI (Adams et al. 2022), continuum sources (Kutkin et al.
2022) and FRBs (van Leeuwen et al. 2023). A prototype cryo-
genic PAF (AO-19) was developed for the Arecibo telescope
(Cortes-Medellin et al. 2014), with plans for a more capable 69-
element Advanced Cryogenic L-band Phased Array Camera for
Arecibo (ALPACA) in progression before the demise of the tele-
scope (Burnett et al. 2020). However, the first cryogenic phased
array feed used in astronomy was the 19-element, 7-beam Focal
L-band Array for the GBT (FLAG; Roshi et al. 2018), which was
commissioned for HI observations by Pingel et al. (2021).

The advantages of the using PAFs, rather than traditional feed
horns, in multifeed systems are numerous: (1) they allow for cor-
rection of off-axis distortion and gain loss (Elmer et al. 2012); (2)
they illuminate the dish with high efficiency (Ivashina, Simons,
& Vaate 2004); (3) they have the ability to Nyquist sample the
focal plane (in general, traditional feed horns cannot be spaced by
less than 2 beamwidths before gain loss sets in) (Fisher & Bradley
2000); (4) beam shape and sidelobes can be adjusted, for example
to reduce sidelobes, or avoid radio frequency interference (RFI)
(Jeffs et al. 2008); (5) the fractional frequency range is higher
than for conventional feed horns (Ivashina et al. 2004); and (6)
they have lower ‘standing waves’ as a result of reduced reflection
from the focal plane (Reynolds et al. 2017). Similar advantages
apply to filled aperture arrays, especially at sub-gigahertz frequen-
cies, which are basically PAFs placed on the ground and facing
upwards. The main example is the high-band antenna system of
LOFAR (van Haarlem et al. 2013).

In an attempt to combine the advantages of PAFs with the low
system temperatures of conventional receivers, CSIRO (co-funded
by the ARC and a consortium of universities and institutes) has
built a next-generation cryogenic PAF (hereafter cryoPAF) for the
Murriyang radio telescope at Parkes. The main science drivers for
cryoPAF construction were FRBs and HI intensity mapping, but
the instrument was designed and constructed as an open facility
instrument to replace the original multibeam receiver, and extend
its capabilities, particularly in frequency range and field of view. In
summary, the cryoPAF operates in the frequency range 0.7–2 GHz
with up to 72 simultaneous dual-polarisation beams at a spectral
resolution as high as 274 Hz. The on-dish system temperature
is about 17 K at 1.4 GHz, similar to state-of-the-art single-pixel
radio telescopes such as MeerKAT (Jonas & MeerKAT Team
2016).

A brief technical description of the cryoPAF is given in
Dunning et al. (2023), and the full system design and description
(front end and signal processing) is in preparation. The purpose
of this paper is to report on commissioning of the spectral-line
aspects of the receiver, concentrating on observations of local

galaxies and a description of new aspects of spectral-line data
reduction methodology, with particular reference to the future
detection of weak cosmological signals.

The extraction of weak cosmological signals received by radio
telescopes can be severely compromised by myriad forms of con-
tamination, including excess noise from receivers and the ground,
distortions due to the troposphere and ionosphere, unwanted
radiation from Galactic and extragalactic sources, and radio fre-
quency interference (RFI). The latter contaminant is especially
severe at gigahertz frequencies and below, due to the prolifera-
tion of communication devices. The radio-quiet zones around the
new generation SKA telescopes and pathfinders (e.g. Wilson 2014)
have greatly helped reduce the worst of RFI problems, but many
existing telescope locations are less protected. Furthermore, the
proliferation of space-based communications platforms and the
Global Navigation Satellites System (GNSS) mean that there is no
truly radio quiet location on the planet. Also severe at gigahertz
frequencies, and below, is non-thermal radiation from Galactic
and extragalactic sources which can easily dominate receiver
noise.

Avoidance of frequency ranges affected by the worst RFI, or
parts of the sky with strongest radio emission is the primary
form of mitigation. After that, active outlier removal (e.g Offringa
et al. 2023) to suppress RFI contamination, and careful calibration
(Jishnu Nambissan et al. 2021) to better enable continuum sub-
traction, are normally necessary. However, despite these measures,
cosmological signals such as the Cosmic Dawn and the Epoch of
Reionisation (EoR) are extremely weak andmanifest themselves in
well-defined frequency ranges where contamination from residual
RFI and foreground/background continuum sources may still be
orders of magnitude stronger.

In spectral-line radio astronomy, statistical techniques can be
employed to remove noise, or extract signal from noisy data. For
example, averaging data in time may allow weak RFI signals to be
detected and excised, and averaging in frequency may allow resid-
ual continuum artifacts to be revealed and excised. Signals may
also be better detected usingmatched filters, for example by adding
information about their likely characteristics (e.g. in frequency,
frequency width, polarisation, or spatial extent). In the case of
transient or periodic sources, signals may also be better detected
by averaging or filtering in other dimensions, such as dispersion
measure or period.

In this paper, we use the new cryoPAF commissioning data to
examine the usefulness of unsupervised statistical techniques for
noise reduction and weak signal extraction. Single-dish telescopes
normally collect a single spectrum at each observing position.
However, the cryoPAF simultaneously collects spectra at up to
72 adjacent positions, with no gaps. Combined with the usual
‘on-the-fly’ scanning technique to map large areas of sky, this
means that datasets can have high dimensionality. However, meth-
ods to de-noise or flatten the foreground/background in galaxy
or cosmological mapping experiments usually operate in low-
dimensional space. Examples include: polynomial fitting in the
frequency domain (Wang et al. 2006); Fourier-domain window
functions (Vedantham, Udaya Shankar, & Subrahmanyan 2012);
principal component analysis (PCA; Zuo et al. 2023); singular
value decomposition (SVD; Li, Staveley-Smith, & Rhee 2021);
Kernel PCA (Irfan & Bull 2021); generalised morphological com-
ponent analysis (GMCA; Carucci, Irfan, & Bobin 2020); indepen-
dent component analysis (ICA; Hyvärinen 1999; Chapman et al.
2012); Gaussian processes (Mertens, Ghosh, & Koopmans 2018);
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scattering transforms (Delouis et al. 2022); wavelets (Auclair et al.
2024); and, more recently, deep learning (Makinen et al. 2021;
Mertens, Bobin, & Carucci 2024; Chen et al. 2024). In the context
of SKA cosmology, comparisons between some of these methods
are given in Alonso et al. (2015), Chapman et al. (2015), Spinelli
et al. (2022) and Bonaldi et al. (2025).

Most of these methods have been implemented in flattened 1D
or 2D space (e.g. frequency, frequency–frequency, or frequency-
sky pixel space). Deep learning techniques are well suited to data
of higher dimensionality, but require extensive training using
advance knowledge of the characteristics of cosmological signals,
foregrounds/backgrounds, and RFI. As a step towards de-noising
data of high dimensionality, in this paper we explore higher-
order/tensor versions of SVD to quantify the improvement in
compact and extended source removal over 1D or 2D approaches,
using linear algebra. Tensor SVD is itself closely related to deep
learning techniques, but has the advantages of being unsuper-
vised and fast. Disadvantages are similar to those of standard SVD
(Golub & Van Loan 2013) such as only being able to deal with
linear systems, and sensitivity to scaling of data.

In this paper, we summarise cryoPAF beamformer weight cali-
bration for early commissioning work in Section 2.1 and describe
the cryoPAF spectral-line commissioning observations, data anal-
ysis and basic science verification in Section 2. We then dis-
cuss possible future techniques, based on SVD and higher-order
SVD in Section 3. Results from the application of these tech-
niques to cryoPAF commissioning data are described in Section 4.
There is further discussion in Section 5, and we conclude in
Section 6. For calculating cosmological distances, we assume
Planck 2018 cosmological parameters (h,�m)= (0.674, 0.315)
(Planck Collaboration et al. 2020), and �� = 1− �m. For
comparison with previous work, wavenumbers are quoted in
units of h/Mpc.

2. Observations and analysis

2.1. Beamformer weights

Maximum signal-to-noise ratio (maxSNR) weights for the cryo-
PAF’s digital beamformer were calculated following a procedure
similar to that described in Hotan et al. (2021) for ASKAP’s PAFs.
The cryoPAF beamformer calculates and accumulates the array
covariance matrix (ACM) R that is formed from the pairwise cor-
relation of all PAF ports. The ACM was measured both towards
Ron and away from Roff a strong point source. The response of the
array in the direction of the point source is then obtained from
the dominant eigenvector u1 of Ron −Roff (Jeffs et al. 2008). The
maxSNR beamformer weights (Lo, Lee, & Lee 1966; Applebaum
1976) were then calculated by

w=R−1
offu1. (1)

The current work uses ACMs measured on Virgo A on 2024
November 7 to calculate beamformer weights. Roff was measured
once on an assumed empty patch of sky, offset from Virgo A by
−1.5◦ in cross-elevation. Ron was then measured at each of 72
pointing offsets about Virgo A, positioning the source at each off-
set location in the sky towards which a beam is desired to be
directed to form the closepack72 beam footprint of Figure 1.
Three 10-s ACM accumulations were recorded for each pointing
with a frequency resolution of 133.3 kHz. Beamformer weights
were calculated at the same frequency resolution as the ACMs
after which the algorithm described by Chippendale & Hellbourg

Figure 1. The cryoPAF closepack72 beam footprint defining the arrangement of
beams within the field of view. When the feed angle is set to 0 deg, the X and Y off-
set correspond to the sky offsets in azimuth and elevation, respectively, with respect
to the optical axis of the telescope (beam 71 for this footprint). The radius of each blue
circle is 0.1 deg; the hatched red circle represents the approximate beam size at 1.4
GHz (∼0.24 deg).

(2017) was applied to interpolate weights at frequencies where the
signal from Virgo A had been drowned out by RFI. The weights
were then linearly interpolated to the frequency resolution of 14.8
kHz at which digital beamforming is performed.

For the current work, beamformer weight calculation was per-
formed independently for X and Y polarisations. Weights for
X-polarisation beams only includedX-polarisation PAF ports, and
weights for Y-polarisation beams only included Y-polarisation
PAF ports. This was enforced by extracting sub-matrices from
each ACM containing only correlations between ports of matching
polarisation and repeating the weight calculation process indepen-
dently for both XX and YY submatrices. This is convenient for
early commissioning as the polarisation of the beam is well defined
by the polarisation of the array elements. In the future, improved
sensitivity and polarisation performance may be obtained by
applying polarisation calibration (Wijnholds et al. 2012; Warnick
et al. 2012) to weights calculated from the full ACM, including all
co-polar and cross-polar correlations.

2.2. Target observations

CryoPAF commissioning data for this paper were taken using the
Murriyang telescope on 2025 February 24 for the nearby galaxy
NGC 6744, and on 2024 November 18 for the Large Magellanic
Cloud (LMC). The NGC 6744 data consist of a 7-min azimuth-
elevation track, centred on the galaxy, with all 72 beams. The
LMC data consist of 66 min of azimuth-elevation tracks of 49 dis-
crete pointing centres with all 72 beams (i.e. ∼80 s per pointing).
The time resolution for all spectra was 10 s. Although not usually
required for cryoPAF data, ‘off-source’ tracks were also recorded.
The reason for this is that the digital ‘flattening’ filter was not
fully functional, particularly for the NGC 6744 observations, so
a bandpass de-ripple correction was required. Continuous noise
source calibration was not enabled at the time of the observations,
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Figure 2. The 7× 7 pointing pattern used to observe the LMC. There was no parallacti-
fication of the cryoPAF during these observations, so the fields are rotatedwith respect
to Figure 1. The red cross indicates the position of the archival multibeam spectrum
discussed in the text.

so contemporaneous scans of S9 (Williams 1973; Brüns et al. 2005)
and PKS B1934-638 were also made for brightness temperature
and flux density calibration purposes, respectively.

All observations were taken in ‘camera’ mode where the tele-
scope observed each pointing centre using the closepack72
beam footprint (see Figure 1), with a pitch of 0.14 deg. For a
beamwidth of ∼0.24 deg at 1.4 GHz, this pitch satisfies the hexag-
onal Nyquist criterion (e.g. Schneider 1989). Data were continu-
ously recorded, so data taken during the brief drives between LMC
pointing centres was valid, but flagged as ‘off source’. The overall
sky sampling for the LMC observations is shown in Figure 2. Due
to the parallactic angle of the observations, the beam footprint is
rotated with respect to Figure 1 and the gaps between the pointings
was greater than intended. These gaps (up to ∼0.3 deg in the 36
interior spaces) were interpolated across. For the B1934-638 and
S9 calibrations, the telescope was shifted 72 times to place each
beam on the source in turn.

The selected bandwidth was 230 MHz over the approximate
frequency range 1 300–1 530 MHz, with a selected frequency res-
olution of 4.4 kHz. Within that band, there was a zoom band
covering 1 417± 5 MHz for NGC 6744 and 1 417.5± 7.5 MHz for
the LMC. The zoom band frequency resolution was selected to be
0.55 kHz (0.12 km s−1).

Observational data and metadata for the different sources and
calibrators were recorded in separate beam files in SDHDF for-
mat (Toomey et al. 2024). In general, hierarchical data formata
(HDF) (Koranne 2011) has the advantage over more traditional
astronomical formats such as FITS of being fast, widely sup-
ported, stable, cross-platform, self-documenting, compressible,
writeable, modifiable, scalable (supports very large files) and sup-
ports inhomogeneous data, including metadata. For convenience
in later data reduction, the beam files were concatenated into
single 72-beam files, also in SDHDF format. The resultant file for

ahttps://www.hdfgroup.org.

each observation therefore contains data and metadata for each
beam and each spectrum (i.e. the full-bandwidth, low-resolution
spectrum and the zoom band spectrum). During commission-
ing, the equatorial coordinates were only recorded for the central
beam (beam 71) at the start of the observation. Therefore posi-
tions for all beams were recalculated using the UT, the telescope
azimuth/elevation, and the beam footprint offsets of Figure 1
rotated for the parallactic angle of the given observation direc-
tion. Due to pointing offsets, this may result in small positional
errors.

An example HI spectrum within the LMC zoom band is shown
in Figure 3, together with a spectrum taken at a similar position
(shown by the red cross in Figure 2) using the former multibeam
array (Staveley-Smith et al. 2003), extracted from the Australia
Telescope Online Archive.b Neither spectrum has been bandpass
calibrated, but the cryoPAF spectrum is clearly much flatter owing
to the absence of any narrow-band analogue bandpass filter.

2.3. Calibration

For each beam, the on-source flux density (or brightness tem-
perature in the case of S9), was measured when the calibration
source was within 3 arcmin, and the telescope was ‘in-lock’ (i.e.
correctly slaved to theMurriyangmaster equatorial telescope). For
the unresolved flux calibrator B1934-638, the ‘off-source’ region
was defined using data between 0.5 and 2 deg off source. For
the S9 Galactic HI calibration source, ‘off source’ was defined by
a straight-line fit to the spectral baseline in a small frequency
range outside of the HI emission velocities. Observations for
both calibrators were taken on 2025 February 23/24 and 2024
November 18.

The calibration also allows us to make two different mea-
surements of system temperature (Tsys): (1) its ratio with dish
(antenna) aperture efficiency (ηd); and (2) its ratio with main-
beam efficiency (ηmb). The former (Tsys/ηd) is related to the
system-equivalent flux density (Ssys), which is the source strength
in Janskys required to double the system temperature:

Tsys

ηd
= 10−26 SsysA

2kB
, (2)

where A is the geometric collecting area of the antenna and kB
is the Boltzmann constant. The main-beam efficiency is the ratio
of the power received in the main beam (or lobe) of the antenna
to the total power received from an extended source of uniform
brightness temperature (Wilson, Rohlfs, & Hüttemeister 2013).

The results are shown in Figure 4 for the 2024 November mea-
surements. Within 0.3 deg of the optical axis, the average values
are Tsys/ηd = 25.5 K and Tsys/ηmb = 21.1 K. The former is close
to the corresponding value (24 K) measured by Dunning et al.
(2023) at the same frequency. Dunning et al. (2023) also mea-
sured Tsys = 17 K, implying a dish efficiency ηd ≈ 70% near the
optical axis and a main-beam efficiency (defined by the extent of
S9, which is approximately a degree; Williams 1973) ηmb ≈ 80%.
Roshi et al. (2018) report a similar values for Tsys/ηd with the GBT
FLAG instrument.

As noted in Section 2.1, beamformer calibration was only per-
formed in the 2024 November session. The measured system
temperatures and beam shapes were therefore poorer in 2025

bhttps://atoa.atnf.csiro.au.
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Figure 3. A comparison of HI spectra at a similar position within the LMC (RA= 05h07m10s, Dec= −69◦14′41′′, J2000), as marked with the red cross in Figure 2. The red spectrum
is a 5-s archival P312 multibeam spectrum from 1998 December 16 (Staveley-Smith et al. 2003). The blue spectrum is 10 s of data from cryoPAF beam 19 from 2024 November 24,
smoothed to a similar resolution as the multibeam data (3.9 kHz). Both are Stokes I spectra. No bandpass calibration or baseline fitting has been applied to either spectrum. The
cryoPAF brightness temperature and barycentric frequency scales are approximately correct. The multibeam spectrum has an arbitrary temperature scale, with no barycentric
correction applied.

February due to changes in the complex gain of the analogue
electronics.

The frequency axes for all beams were transformed into the
solar system barycentric frame, without regridding of the data.
This was conveniently made possible within the SDHDF format,
which stores a complete vector of the topocentric frequencies for
each sub-band for each observation.

Flux density and brightness temperature calibration was
applied to the NGC 6744 and LMC data, respectively. Off-source
spectra were used for bandpass calibration of the NGC 6744 data.
For the LMC data (see Figure 3), only a straight-line spectral fit
was required to remove the receiver bandpass and continuum
sources.

2.4. Science verification

Although only a single pointing was obtained for NGC 6744, it
covered the extent of the galaxy, so the data were gridded into
a small data cube. The pixel size was 0.6 arcmin in RA and Dec,
and 5 kHz (1.1 km s−1) in frequency (velocity). The gridding ker-
nel was a circular Gaussian of FWHM 11.3 arcmin, truncated at
a radius of 12 arcmin. The resultant angular resolution (taking
into account the Murriyang beam) was estimated to be about 18
arcmin. Five edge-beams with either a high system temperature or
a reference (off-source) beam which contained HI emission were
discarded prior to gridding. The resultant spectrum, integrated
over the whole map, is shown in Figure 5. Excellent agreement
can be seen with the integrated spectrum from the HIPASS Bright
Galaxy Catalogue (Koribalski et al. 2004). The catalogued HIPASS
flux integral is 1 031± 57 Jy km s−1 or 4.88± 0.27 JyMHz; the cry-
oPAF integral is 5.07± 0.25 JyMHz. The values are well within the
errors, possibly because the flux uncertainty for resolved sources
is normally dominated by knowledge of the beam shape, which
would have been fairly similar between the two observations.

The LMC data allowed a more thorough comparison with
previous observations. Data for the LMC were gridded into a
data cube of angular dimensions 8× 8 deg2 and frequency extent
1 MHz (211 km s−1). The pixel size was 3 arcmin in RA and Dec,
and 5 kHz (1.1 km s−1) in frequency (velocity). The gridding ker-
nel was a circular Gaussian of FWHP width 8 arcmin, truncated at
a radius of 9 arcmin. The small interior coverage gaps were filled
using minimum-curvature 2D cubic interpolation (SciPy func-
tion interpolate.CloughTocher2DInterpolator). The data
cube was convolved with a further 8 arcmin Gaussian to give a
final angular resolution of about 18 arcmin (the same as for the
NGC 6744 cube). Finally, a small position shift (3 arcmin in RA;
6 arcmin in Dec) was applied in order to align with previous LMC
HI images from the multibeam (Staveley-Smith et al. 2003).

The resultant channel images are shown in Figure 6, and the
overall column density image is shown in Figure 7. The quality
and dynamic range look excellent, with only low-level artifacts
caused by the coverage gaps. The background noise level (∼18
mK, in 5 kHz channels, corresponding to a column density rms
of 3.6× 1016 cm−2) looks uniform. For a noise-equivalent bright-
ness temperature sensitivity of 25 K, the theoretical Stokes I noise
for each beam is 28 mK but, due to beam overlap, the mean spa-
tial weight in the gridded cube is 2.5, leading to an expected image
noise of 28/

√
2.5= 18 mK. We have not taken into account beam

covariance, so this will be a lower limit.
The features, positions and column densities show good agree-

ment with previous multibeam images (Staveley-Smith et al.
2003). A more quantitative comparison using a pixel-pixel (T-T)
plot is shown in Figure 8. To produce this, the multibeam image
was resolution-matched by convolution with an 8 arcmin FWHP
Gaussian, then regridded into the same RA-Dec-frequency coor-
dinate system as the cryoPAF data. On the whole, the comparison
is excellent. CryoPAF temperatures are approximately 0.97 of
multibeam temperatures. This is consistent with the updated S9
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Figure 4. System temperature measurements taken on 2024 November 18 for all 72
cryoPAF beams and both orthogonal polarisations at 1.4 GHz from calibrations using
(top) the flux density calibrator PKS B1934-638 and (bottom) the Galactic HI source
S9. The B1934-638 measurement includes a dish efficiency term (ηd) which decreases
away from the optical axis. The S9measurement includes amain beam efficiency term
(ηmb), which decreases less quickly away from the optical axis.

Figure 5. A spatially integrated cryoPAF HI spectrum of NGC 6744, compared with an
integrated spectrum from the HIPASS Bright Galaxy Catalogue (Koribalski et al. 2004).
The cryoPAF spectrum has been Hanning smoothed to a resolution of 75 kHz; the
HIPASS resolution is 85 kHz.

temperature (83 K; Brüns et al. 2005) used here, compared with
the original low-resolution measurement (85 K; Williams 1973)
used for the multibeam calibration.

However, Figure 8 also shows that there a systematic offset
between the datasets in the sense that, despite the lower overall
scale factor, the cryoPAF cube actually contains more signal at low
temperatures. This offset is ∼0.1 K for brightness temperatures
TB < 0.3 K, rising to a maximum of ∼0.4 K for 3< TB < 10 K. At
velocities away from the LMC, the offset is only a few mK, which
is a small fraction of the rms noise. What is origin of the offset?
It appears to be real signal that has been over-subtracted from the
multibeam cube due to poorer quality bandpass calibration and
baseline removal (high-order polynomials were used in the spatial
and frequency domains). Detailed inspection shows that the excess
emission tends to be located around existing emission features,
consistent with this interpretation. It is unlikely that these features
are due to larger cryoPAF sidelobes.Wewere unable tomake beam
maps during the commissioning observations, so this remains to
be verified. However, the sidelobes of the maxSNR offset beams
measured during HI commissioning of the FLAG instrument were
a level of ∼3% (Pingel et al. 2021), which is probably too low to
provide an explanation.

With an estimated 20% of pixels having emission in the tem-
perature range 0.1–1 K over the 211 km s−1 velocity range of the
re-gridded multibeam data cube, this corresponds to a mean col-
umn density deficit of 8× 1018 cm−2. For an LMC distance of
50 kpc, the mass of the missing low-brightness-temperature HI is
∼3× 106 M�, or only about 0.6% of its total HI mass. However,
over all pixels, the mean column density in the multibeam data
is 9% lower than for the cryoPAF measurements presented here.
This implies that the true HI mass of the LMC is correspondingly
higher than previously measured, so probably close to 5.2× 108
M�. In the context of diffuse atomic gas and ‘dark’ molecular
gas, accurate column density measurements of the ISM and in
the outer fringes of galaxies are important for a clearer picture
of gas accretion, star-formation efficiency and galaxy evolution
in general (Wang et al. 2024; Madden et al. 2020). The new data
provides some important context when comparing interferome-
ter data with older single-dish observations of the Milky Way and
nearby galaxies.

3. Techniques for weak signal detection

The next step in scientific data analysis of cryoPAF data is to
investigate more advanced data reduction techniques that make
better use of the high dimensionality of cryoPAF data, particu-
larly for cosmological signals. As opposed to the LMC signals,
which are bright, redshifted cosmological signals are faint and
occur over a frequency range which includes much RFI, there-
fore need careful flagging and ‘de-noising’. Cosmological signals
also need protection against signal loss, as illustrated in a minor
manner in Section 2.4. For this purpose, we utilise the data
described above, but ‘inject’ artificial signals so that we can ver-
ify the level of noise reduction achieved and the accuracy of signal
recovery.

The zoom-band data for NGC 6744 is used as an example of
fairly ‘clean’ data in a band free from RFI, where it was straightfor-
ward to study the effects of signal capture and loss using different
algorithms. The 230 MHz wideband data of the LMC is used as an
example of more typical ‘challenging’ observational data in a band
that contains RFI, and modulation in the sky continuum level due
to thermal and non-thermal emission from the LMC. Example
time-frequency waterfall plots of the central beam in the two sets
of observations are shown in Figure 9.
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Figure 6. RGB images of the LMC from 165.9 to 394.3 km s−1 (barycentric) in chunks of width 38 km s−1. Each colour channel has a width of 12.7 km s−1, with the blue chan-
nel starting at the lowest velocity in each image. The individual images are scaled to peak brightness temperatures of 0.4, 4.8, 19.5, 27.8, 13.5 and 0.4 K, respectively, with a
stretch of 0.5.
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Figure 7. A cryoPAF RGB column density image of HI in the LMC, coloured by velocity over the barycentric frequency range 1 418.5–1 419.5 MHz (191–403 km s−1). The maximum
column density is 5× 1021 cm−2.

Figure 8. A pixel-pixel comparison of HI brightness temperature in the LMC as mea-
sured fromRA-Dec-velocity data cubes from themultibeam (Staveley-Smith et al. 2003)
and the cryoPAF. The spatial coverage for the comparison is the same as shown in
Figure 7; the frequency coverage was 1 MHz (211 km s−1). The two data cubes were
position- and resolution-matched. At a frequency resolution 5 kHz (1.1 km s−1), the
corresponding rms of the datasets is approximately 22 and 18 mK, respectively. The
solid red line represents equality of temperature scales; the dashed red line accounts
for the excess emission (∼100 mK) seen in the cryoPAF data, as well as a small offset
(×0.97) in the temperature scale.

3.1. Singular value decomposition

Singular value decomposition (SVD) is a form of multilinear
regression which identifies the intrinsic dimensionality (or matrix
rank) of a two-dimensionalm× n array of measurements by elim-
ination of linear dependencies. By sorting the amplitudes of the
singular values (which are akin to the eigenvalues of principal

component analysis), dimensionality can be further reduced by
including only the most significant sources of variance.

In the context of image compression, this allows features which
are common in datasets to be retained, and uncorrelated features
(such as random noise) to be removed. However, in radio astron-
omy, the strongest and most common features include wideband
RFI bursts, constant narrowband RFI, changes in the sky contin-
uum level, changes in receiver gain, and even correlations due to
beam overlap and the spectral point source response. These are
noise, non-signal or redundant features which we usually desire
to remove, thereby leaving signals of interest. Compression of
data is therefore usually minor, but removal of artifacts can be
significant.

In spectral-line radio astronomy, common dimension pairs are
frequency and time, or frequency and position. If M is the real-
valued m× n matrix representing these measurements, its full
decomposition is given by:

M=USVT , (3)

where S is the m× n matrix of singular values and U and V are
orthogonalm×m and n× nmatrices, respectively. The truncated
approximation toM is then given by:

M≈UrSrVT
r , (4)

where Sr is a compact r × r matrix of the largest singular values
and Ur and Vr are the m× r and n× r matrices of column vec-
tors corresponding to the largest singular values. After sorting by
significance, these matrices are unique.

Although straightforward to compute, the above SVD and
truncated SVD forms have several disadvantages, including inabil-
ity to deal with non-linear dependencies, inability to deal with
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Figure 9. Frequency-time waterfall plots of Stokes I spectral data taken with the central beam (beam 71) of the Murriyang cryoPAF. Left: single-pointing zoom band data taken on
2025 February 24 whilst observing the NGC 6744. An off-source reference spectrumwas applied to remove bandpass ripple. The wide vertical stripe is redshifted HI emission from
NGC 6744; the narrow positive and negative lines at 1 420.4 MHz are due to Galactic HI at the on-source and off-source positions. The only obvious artefacts in the data are the faint
horizontal stripes spaced everyminute, which are due to short-term gain variations. Right: wideband data taken on 2024 November 18 whilst scanning the LMC. This unedited and
uncalibrated data shows vertical artefacts due to RFI and bandpass ripple, and horizontal lines due to strong continuum sources in the LMC. Brief bursts from the GPS L3 beacon
at 1 380 MHz are apparent. The 21-cm line emission from the LMC and Galaxy are apparent near 1 420 MHz. The overall intensity gradient as a function of frequency represents the
uncalibrated bandpass shape. For both panels, the upper horizontal axis is spectral channel number.

missing data, and sensitivity to outliers (see also Section 1). In
the current context, non-linearities are less important, but can
be dealt with using unsupervised machine learning techniques.
Missing data and outliers tend to be related – outliers are either
present in the data, or they are flagged as ‘bad’ by the observer.
Outlier rejection can be dealt with by iterative SVD techniques (see
Section 4), or by more sophisticated L1 or robust kernel methods
(Ke & Kanade 2005; Zhang, Gao, & Zhou 2022; Le &Markopoulos
2022; Han et al. 2024).

3.2. Higher-order singular value decomposition

Higher-order or tensor SVD is a generalisation of the two-
dimensional SVD method which reduces the number of compo-
nents required to describe each of the dimensions (modes) in a
three, or higher, dimensional dataset. For a tensor of order N, this
can be achieved by unfolding, or flattening, the tensor alongN − 2
of its dimensions and applying the above 2D, or matrix-based SVD
technique. However, true higher-order techniquesmaintain tensor
order. Therefore, these techniques have found use in multidimen-
sional event detection, data modelling, interpolation of missing
data, and data compression.

Similar to 2D SVD, different methods of higher-order decom-
position have been proposed (Tucker 1966; Kilmer et al. 2013;
Zhang & Aeron 2017; Ahmadi-Asl et al. 2024), and differ-
ent methods are available to deal with outliers and missing
data (Markopoulos, Chachlakis, & Prater-Bennette 2018). The
Canonical Polyadic or CANDECOMP/PARAFAC (CP) SVD
approximation of a tensor of order-N can be written in outer
product notation (Gillet, Leclercq, & Sautot 2022) as:

M≈
n∑

�=1

U(1)
� ◦U(2)

� ◦ . . . ◦U(N)
� , (5)

where n is the CP rank, or number of singular values required for
the approximation to be valid (Kolda & Bader 2009).

In the alternative method of Tucker decomposition (Tucker
1966), the approximation is given by the result of mode-k
products:

M≈ S×1 U(1) ×2 U(2) ×3 . . . ×N U(N), (6)

where S is a core, or compact, tensor of reduced rank r=
(r1, r2, . . . , rN) and the U(k) are nk × rk orthonormal factor
matrices.

In yet another alternative (not implemented here), the t-SVD
tensor completion method, the reduced 3D SVD is given by the
t-product (Zhang & Aeron 2017):

M≈U ∗ S ∗VT , (7)

where the tensor S has dimensionality (n, n, n3), with n being the
rank-n compression ofM.

3.3. Data dimensionality

The observational datasets already described each consists of 72
beams, with each beam having a large number of spectra, each
taken at a different time, and RA/Dec sky position. These datasets
are therefore 4-dimensional, but irregularly sampled, which is
inconvenient for the present purposes. We are only interested
in the noise and RFI characteristics of the dataset, as we will be
creating our own ‘signals’ by injection.

Therefore, we have ‘re-folded’ the data such that time is identi-
fied with first spatial dimension (which it is, even though sampling
is irregular), and beam number is identified with the second spa-
tial dimension (which it also is, but again irregular). Frequency
remains the third dimension – this remains regularly sampled and
monotonic. The advantage of this re-folding is that the resultant
dataset is a fully-sampled (tensor) array, to which we can inject sig-
nal as if it was a three-dimensional cube of the sky. The sampling
remains monotonic in all dimensions, so the spatial correlations
are retained, at least prior to SVD.

In practice, in a targetted observation with much more observ-
ing time, a 4-dimensional array would be preferred. Ideally this
would be 72 data cubes, each using the same RA-Dec-frequency
grid. Other dimensions such as polarisation and pulsar bin can be
added by further increasing tensor order (or re-shaping). SVD can
also be applied to complex cross-polarisation or interferometric
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data by replacingVT in Equations (3) and (4) with the correspond-
ing conjugate transpose VH .

3.4. Algorithms

We have chosen to compare the following SVD algorithms, rep-
resenting a mix of 2D (1–3), pseudo-3D (4) and 3D tensor (5–6)
methods, with and without some form of robustness using an L1
loss function, trimming, or censorship:

1. SVD: we use standard SVD truncation techniques using
the Python numpy.linalg.svd implementation.

2. L1SVD: to minimise the effect of outliers, which are com-
mon in the presence of RFI or strong astronomical signals,
we use L1-norm error minimisation low-rank estimation
algorithm of Ke & Kanade (2005) as implemented by Le &
Markopoulos (2022).

3. CSVD: as L1 techniques are slow, we also implement
a clipped version of standard SVD, which iteratively
trims outliers above and below the 99.5 and 0.5 per-
centiles to the data values at those percentiles, respectively
(Winsorisation).

4. CSVDstack: this is a common technique, in which the
third (or higher) dimension is unfolded into a lower
dimension, for example by reshaping the data array. As for
CSVD, we have implemented iterative trimming, for fast,
reliable and robust results.

5. TuckerSVD: Tucker tensor decomposition (Tucker 1966;
Kolda & Bader 2009) is a true higher-order technique
which approximates the input data by a low-rank core
tensor. For convenience, we treat the reduced rank for
each dimension equally (r1 = r2 = r3), but do not allow r
to exceed the size of the smallest dimension. We use the
Python function tensorly.decomposition.tucker
(Kossaifi et al. 2019) which permits outliers to be masked.
We iteratively censor data above and below the 99.5 and
0.5 percentiles, respectively.

6. CPSVD: CP decomposition results in a set of parallel fac-
tor matrices of low rank, whose outer products are used to
define an approximation to the input tensor. We use the
Python function tensorly.decomposition.parafac
(Kolda & Bader 2009) which again permits outliers to be
iteratively censored.

3.5. Pre-conditioning

Pre-conditioning can usefully speed convergence of SVD and ten-
sor SVD, reduce the effect of outliers, make comparison between
different methods fairer, and allow physically-motivated normal-
isation and correction of various instrumental responses prior
to unsupervised dimensionality reduction. In the following anal-
ysis, we have applied calibrations as described in Section 2.3.
We also remove gradients in frequency and time to account for
spectral response and continuum sources. These techniques are
normal in multibeam single-dish spectral-line radio astronomy,
and descriptions are available for data from the Murriyang multi-
beam (Barnes et al. 2001; Calabretta, Staveley-Smith, & Barnes
2014; Staveley-Smith et al. 2016), Arecibo ALFALFA (Haynes
et al. 2018) and the FAST multibeam (Xi et al. 2022; Wang

et al. 2023) instruments. A second consideration is that pre-
conditioning permits the injection of fake sources without having
to apply ‘inverse calibration’ to the injected signal, so correct
signal strength and S/N ratio is maintained for the injected
signal.

In summary, the following pre-conditioning steps were
applied:

1. Gain calibration for all beams, based on a prior observa-
tion of a brightness temperature or flux density calibrator.

2. Bandpass calibration, based on an ‘off-source’ observation
at a different sky position.

3. Subtraction of the median spectral bandpass (only for the
LMC field).

4. Subtraction of the median power as a function of time
(only for the LMC field).

5. Spectral smoothing and sub-sampling to a resolution com-
mensurate with the resolution of structures to be detected.
We use 0.11 MHz (23 km s−1) and 0.89 MHz (190 km s−1

at z = 0) boxcar smooths for the NGC 6744 zoom band
and the LMC wideband data, respectively.

6. For the extended source tests (discussed below), using the
LMC wideband data, a further temporal smoothing of 30 s
is applied. Frequencies above 1 416 MHz (z < 0.003) are
also removed.

7. Normalisation of the data to zero median, unit median
absolute deviation.

These steps result in cube/tensor dimensions of (41, 72, 77)
and (388, 72, 263) for the NGC 6744 and LMC data, respectively.
For the extended source tests in the LMC field, the tensor dimen-
sions are (130, 72, 133). The dimension labels are time, beam and
frequency, respectively (Section 3.3).

3.6. Signal injection

To quantify the efficacy of the various SVD methodologies in
removing instrumental, foreground, RFI and other artefacts, we
inject artificial signals into the two datasets. These artificial sig-
nals are injected immediately before the normalisation stage (#7)
above. Two types of sources are injected:

1. A compact source occupying∼3% of the extent of the data
in each dimension (i.e. frequency, time/position, and beam
number), and at an approximately central position in each
dimension. To avoid overlap, the source was placed at a
slightly higher frequency than the HI emission of NGC
6744 and a lower frequency to the HI emission of the
Galaxy/LMC.

2. An extended HI intensity map derived from the catalogue
of star-forming galaxies in the GAMA G23 redshift cat-
alogue (Driver et al. 2022) in the redshift range 0.01<

z < 0.24, spatially convolved by a Gaussian of FWHM ≈ 6
cMpc and spectrally convolved with a Gaussian of width
�z ≈ 10−3. Only galaxies with Hα equivalent widths sig-
nificantly (3σ ) above zero and in themainG23 regionwere
included (Gordon et al. 2017).We correct for sample selec-
tion using the ‘SF complete’ function of Gunawardhana
et al. (2018).
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The amplitude of the compact source was set at 1 Jy for the
NGC 6744 dataset and 0.1 Jy for the lower frequency resolution
(and therefore lower theoretical noise) LMC wideband dataset.
This corresponds to approximately 4% and 0.4% of the system
equivalent flux density, respectively.

The average amplitude for the extended ‘source’ was nor-
malised to the HI sky brightness temperature (e.g. Battye et al.
2013):

TB = 63h
(

�HI(z)
3.5× 10−4

)
(1+ z)2√

�m(1+ z)3 + ��

μK, (8)

assuming �HI(z)≈ 3.5× 10−4(1+ z)0.63 for z < 5 (Rhee
et al. 2023), Planck 2018 cosmological parameters (h,�m)=
(0.674, 0.315) (Planck Collaboration et al. 2020), and
�� = 1− �m. To better understand signal loss, noise reduc-
tion and the efficacy of various SVD methods, the LMC data were
artificially scaled to a regime where the detection of the injected
G23 signal was ‘challenging’ (signal-to-noise ratio less than unity).

4. Results

After preconditioning and signal injection, the two example
datasets were subjected to each of the six SVD methods with 1≤
n≤ 50 singular values removed. For the three 2D techniques, n is
the number of singular values subtracted from each 2D frequency-
time/position plane. For the 3D techniques, it is the number
subtracted from the whole data cube.

4.1. Compact sources

An example of the progression of the flattening of the NGC 6744
dataset is shown in Figure 10 for two example values of n for the
CSVD and CPSVD methods. Increased values of n result in flat-
ter backgrounds, but substantial signal loss in the case of the 2D
CSVD method (the injected point source being a ‘wanted’ signal).
But, as the source is also compact in ‘beam space’, the 3D CPSVD
method is able to use the additional information to avoid signal
loss and still flatten the background (with the exception of the
spatially-variant component of the NGC 6744 andGalactic signals,
centred at 1 416.5± 0.8 MHz and 1 420.4 MHz, respectively).

For all methods, we have measured the amplitude of the recov-
ered signal and the rms noise prior to injection for the central
beam, at the position of the injected signal. The results are sum-
marised in Figure 11. The recovered signal is plotted as a function
of n in the top row of Figure 11, which shows that the 2D
techniques (SVD, L1SVD, CSVD) lose all injected signal (>99%)
beyond n= 2 in the NGC 6744 field and most signal (>50%)
at n> 10 in the LMC field. In contrast, the true 3D techniques
(CPSVD and TuckerSVD) only partially lose signal even beyond
n= 10 in the NGC 6744 field (<40% at n= 20), and lose even less
(<5%) at n= 50 in the LMC field.

In terms of rms residual (the middle row of Figure 11), the 2D
techniques obtain a lower noise in the clean NGC 6744 field –
these techniques are fitting plane-by-plane, so are actually fitting
∼72/n times the total number of singular values compared with,
say, the CPSVD method. However, in the ‘challenging’ wideband
LMC field, all methods reach a similar rms for n> 2, although the
TuckerSVD approximation starts failing at n> 20.

The most significant plots in Figure 11 are the bottom row S/N
ratio comparisons – i.e. the ratio of the upper two rows. High val-
ues for the S/N ratio are measured in the NGC 6744 field at n= 1

for all methods, but this drops to zero for the 2D techniques with
n> 2. In the LMC field, the S/N also falls to near-zero for the
2D techniques at n> 10. In contrast, high S/N ratio is obtained
for all values on n for the 3D techniques, with CPSVD being the
outstanding performer.

4.2. Extended sources

The extended G23 intensity map was injected into the LMC
dataset in the frequency range 1 300–1 416MHz (corresponding to
z < 0.09). Given the low amplitude of the G23 signal (TB = 52µK
at z = 0.1; see Equation 8), the short observing time, the strong
and variable continuum in the field (up to ∼30 Jy), and the RFI
environment at Murriyang, recovery at this level would be too
challenging a task. But artificially boosting the mock G23map into
the mK regime, so that S/N is in the range 0.1–1, better simulates
an actual observation, with all its defects, and still represents a
better test for the efficacy of SVD techniques in a real observa-
tional environment, compared to using simple white-noise tests.
Correlations between beams is retained, but genuine HI galaxy
and intensity signals from behind the LMC are down-weighted,
and not picked up in the cross power spectrum.

Examples of 2D waterfall sections of the LMC/G23 data are
shown in Figure 12, alongside the same sections following ten-
sor SVD flattening, in this case Canonical Polyadic SVD (CPSVD)
with 10 singular values removed. To demonstrate the ability of
the various SVD methods to de-noise the data and potentially
recover the intensity map, we employ power spectrum techniques,
closely mimicking the normal manner in which the statistical
properties of linear density fields are derived from cosmologi-
cal measurements, such as for redshifted HI signals in the EoR
(Abdurashidova et al. 2022; Trott et al. 2022) and the HI intensity
mapping of large-scale structure (Cunnington et al. 2023).

We define the power spectrum of the intensity map as �2
i (k)=

(2π)−2k3P2
i (k), where Pi(k) is the spherical average of the 3D

Fourier transform of the intensity map, and k (= 2π/λ) is in units
of inverse comoving Mpc according to Planck2018 cosmology
(Planck Collaboration et al. 2020). In a similar manner, the cross-
power spectrum is given by �2

x(k)= (2π)−2k3Pi(k)Pc(k), where
Pc(k) is the spherical average of the 3D Fourier transform of the
measured temperature field (including any mock intensity map).
For the current purposes, we have not re-sampled the sky into
real space, so k values are only accurate at the centre point of the
data cube – in other words, corrections for sky curvature, vol-
ume etc. have been ignored. This will result in some mixing of
k-modes, which is not particularly important here, as we will later
be averaging these when estimating signal recovery.

Figure 13 shows example power and cross-power spectra for
the LMC/G23 dataset of Figure 12. The spectra without any SVD
correction are shown on the left, and the spectra obtained with
CPSVD correction (n= 10) are shown on the right. The error bars
represent the standard error of the mean power over each bin
in �2

i (k) and �2
x(k). The low-k offsets of the cross-power spec-

trum (blue points) from the true power spectrum (red points)
are very large for the no-SVD cross-power spectrum. The errors
are also larger than expected from sample variance. However, the
CPSVD cross-power spectrum reasonably reproduces the injected
G23 power spectrum, although it remains noisy at intermediate
values of k, probably reflecting the location of the residual RFI
band. The two high-k values are also offset from the injected G23
power spectrum, possibly due to noise bias.
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Figure 10. Frequency–time waterfall plots of beam 36 in the NGC 6744 dataset after application of (left column) a clipped two-dimensional SVD (CSVD) and (right column) a
censored three dimensional SVD (CPSVD). Prior to SVD, a 1 Jy compact source was injected at the central frequency and time. The best (in terms of S/N in Figure 11) CSVD results
(n= 1 and n= 2) and CPSVD results (n= 1 and n= 50) are shown. Application of n= 1 CSVD (top left) has completely removed the (non-varying) flux from NGC 6744 and the
Galaxy, but retains the injected signal, albeit with significant loss of flux density and a negative sidelobe in the time dimension. Application of n= 2 CSVD (bottom left) removes
flux even from the compact injected source. n= 1 CPSVD (top right) retains NGC 6744 flux, but does not flatten the background as well. n= 50 CPSVD (bottom right) removesmuch
of the NGC 6744 flux but retains most (76%) of the injected flux. The intensity range is−0.1–0.6 Jy for all plots. The ‘pre-SVD’ plot is show in the left-hand panel of Figure 9.

In Figure 14, we extend this analysis to all six SVD methods
and multiple singular values (the same range as for Figure 11,
plus n= 0). We estimate signal recovery from the ratio of the
cross-power spectrum to the original G23 intensity map power
spectrum. Since the signal-to-noise ratio is low (S/N ≈ 1), the
amplitude of the measured power spectrum is generally too high
(yellow/orange colour) for low n, but quickly approaches unity
(orange/red colours) at n= 3− 5 singular values for the upper
tensor SVD techniques. The 2D SVD techniques (lower panels
in Figure 14) reach the unity power spectrum ratio a bit more
quickly, but over-subtract low-kmodes even more quickly, result-
ing in larger signal loss. All methods remove signal at the lowest
value of k (≤ 0.03h Mpc−1) for n≥ 1. As previously noted for
Figure 11, the Tucker method fails for n> 20.

A more compact representation of Figure 14 is given in
Figure 15 by averaging across all k-values. This enables a
more quantitative comparison of extended source signal recov-
ery (defined by the average ratio of the cross-power spectra to
the G23 power spectra), and better exploration of the effect of
signal-to-noise ratio (defined by the ratio of the average G23
power to the cross-power spectrum in the absence of any injected
signal). The upper panel shows the manner in which the aver-
age amplitude of the power spectrum of the injected intensity
map reduces with the number (n) of singular values removed.
The lower two panels show how this average changes at low S/N
ratios. At S/N= 0.7 (centre panel), the signal loss is fairly minor
across all methods when n= 1. But, as for compact sources, sig-
nal loss is less severe for larger n for the tensor SVD methods,

especially CPSVD and Tucker. At lower S/N ratio (0.095 in
the bottom panel), there is large noise bias, which is only low-
ered at large values of n. However, to determine if these are
real detections, we need to know how much signal as well as
how much noise is being removed. If more signal than noise is
being removed, then any detections at low S/N ratio are probably
meaningless.

It is therefore useful to normalise the average cross-power
amplitude �̄2

x(n) by the intensity map power spectrum �̄2
i (n) after

applying the same SVDmethod and similar n. This result is shown
in Figure 16. At S/N= 0.7, it is clear that the signal reduction seen
in Figure 15 is matched by a similar noise reduction, so that signal
recovery is robust for all SVD methods for n≤ 20, but failing for
the 2D methods at n> 20. There remains a small (∼30%) noise
bias across all methods. However, at the lowest S/N= 0.095 at the
bottom of Figure 16, only the CPSVD technique approaches zero
signal loss, but only for the largest n.

5. Discussion

Our initial observations with the cryoPAF have found that it has
more than met its design goals with respect to sensitivity and field
of view. Placed on the Murriyang telescope at Parkes, the sub-20
K system temperature on 72 beams covering ∼1 deg2 at 1.4 GHz
will constitute a powerful instrument for surveys of HI, OH, pul-
sars and FRBs. Careful analysis of initial HI observations show
excellent agreement with previous results, and have highlighted
how quickly the cryoPAF can achieve better sensitivity than the
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Figure 11. The top row shows the recovered signal (i.e. the ratio of measured signal to the injected input signal) for a compact source in (left) the ‘clean’ NGC 6744 field and (right)
the ‘challenging’ LMC field, as a function of the number of singular values removed. The middle row shows the corresponding rms without any signal injection. The bottom row
shows the corresponding signal-to-noise ratio S/N. In the case of the 2D SVD, CSVD and L1SVDmethods, the number of singular values plotted is the number removed for a single
beam. In the case of the CSVDstack method, it is the total number of values removed for the whole 3D 72-beam data cube. In the case of the CPSVD method, it is the number of
outer products removed (the rank of the factor matrices). In the case of the TuckerSVD decomposition, it is the rank of each dimension in the core 3D tensor.

former multibeam instrument in a fraction of the observing time.
A surprising consequence of our test observations with the LMC
was the ease in which spectral calibration was possible – i.e. no
frequency-switching or high-order polynomial removal – just a
straight-line fit to zoom-band spectra. This enabled the discovery
of a low-column density component (NHI ≈ 8× 1018 cm−2) of the
LMC which was previously missed, presumably due to signal-loss
by overfitting.

The same datasets have also been used to investigate improved
methods of noise suppression for future cryoPAF observations –
particularly the removal of spectral features due to RFI and con-
tinuum sources. As demonstrated (to a small extent) for the LMC,
such suppression often results in signal loss, which needs to be
avoided. To quantify noise suppression and signal loss, injection
of artificial compact and/or extended sources is a powerful tech-
nique. As shown in Section 4, higher-order SVD is a powerful
method for noise suppression and signal retrieval when applied
to cryoPAF commissioning data. However, signal loss will always

depend in detail on the nature and level of the RFI and the
significance of foreground/background contamination for every
observation, even at fixed number of singular values, n. This is
because the unwanted components are usually stronger, so their
removal will always come before removal of weaker RFI or resid-
ual continuum. For instruments like the cryoPAF, a wider range
of commissioning data under many different circumstances (e.g.
RFI nature, frequency, bandwidth, time of day) is still required to
better understand and improve methods for noise reduction and
signal retention.

Additionally, in cases such as the G23 field for z < 0.09 (the
upper redshift limit of the available commissioning data), the
volume is only 3× 105 cMpc3, implying that there will be large
cosmic variance on the power spectrum at wavenumbers of k≤
0.01h cMpc−1. So, whilst we can make accurate estimates of signal
loss for injected signals, we cannot do this for the same accuracy
for cosmological signals in volumes small enough to be affected by
cosmic variance.
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Figure 12. Waterfall plots of example 2D sections of the LMC dataset after addition of the G23 HI intensity map, scaled by a factor of 102. From top to bottom, the three sections
are: frequency-time; frequency-beam; and time-beam (the time dimension is also a spatial dimension due to the changing telescope position). The left column represents the data
after step 5 of pre-conditioning in Section 3.5 – i.e. only basic temperature calibration and smoothing. The right column is an example of the same data after SVD application – in
this case Canonical Polyadic SVD (CPSVD) with 10 singular values removed. The band of emission at 1 343± 9 MHz is RFI, also faintly seen in the right-hand panel of Figure 9, prior
to pre-conditioning. The stripes along the time axis in the pre-SVD plots in the left column are receiver gain variations. The faint ‘blobs’, seen mainly in the CPSVD plots, are the
high peaks of the G23 intensity map. The slices are all taken at the mid-point of the hidden dimension (e.g. the upper waterfalls are for beam 36 out of 72). The intensity range is
−20–200 mK for all plots.

Nevertheless, our results establish some ground truths around
signal loss and noise reduction for cryoPAF data, and possibly
other datasets, under a range of observing conditions and source
characteristics. We therefore attempt to consolidate the results of
Section 4 into a representative set of figures of merit with which to
compare tensor SVD, SVD and other de-noising methods in the
future. We have combined the results from Section 4 into a set of
six radar plots shown in Figure 17. These plots combine the results
from sources of different spatial and spectral extent, different noise
levels, and different depths of singular value removal. The usual
radar plot normalisation of good= 1 and bad= 0 is used, with the
metrics being directly related to signal loss in Figure 11 (top row)
for compact sources, and normalised signal loss in Figure 16 for
the extended sources.

For compact sources (blue polygon), the largest radar cov-
erage is offered by the tensor SVD techniques in the top row
of Figure 17, with the true tensor techniques (Tucker and

CPSVD) being the ‘roundest’ – i.e. the highest efficacy across
different noise and SVD depth regimes. Helped by compact-
ness in the frequency domain, the 2D SVD techniques (bot-
tom row) do almost as well at signal recovery in the high-
noise regimes. Paradoxically, apart from n= 1, they fail in the
low-noise regimes because of signal loss – the most significant
singular values are related to the source itself. In our exam-
ple dataset, signal at n= 1 is only saved because of the pres-
ence of the NGC 6744 signal, which is the first to be sub-
tracted.

For extended sources (red polygons), the largest radar cov-
erage is offered by the TuckerSVD and CPSVD techniques, but
the L1SVD technique works surprisingly well for n= 20 in the
high-noise regime. This is possibly because L1may bemore appro-
priate than clipping due to the substantial non-Gaussianity in our
example dataset. However, this comes at the significant expense
of processing speed. Nevertheless, of all the example methods,
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Figure 13. The left panel shows the power spectrum (red points) of the G23 intensity map. It also shows the cross-power spectrum (blue points) of the intensity mapwith the LMC
dataset (which includes the co-added intensity map, scaled by 102). The right panel shows the same intensity map power spectrum, but shows the cross-power spectrum (blue
points) after CPSVD with n= 10. The HI intensity field is much closer to the expected result after CPSVD application. Note that the error bars for the G23 power spectrum (red
points) are reflective of sample variance due to the limited volume – since this is a model, the actual errors are negligible. The red shaded region is a smoothed approximation to
the error bars.

Figure 14. The colour represents the ratio of the amplitude of the cross-power spectrum to the amplitude of the G23 intensity map power spectrum scaled by 103 as a function
of both wavenumber and the number of singular values subtracted from the data. High values of the ratio (white) indicate noise contamination. Values of the ratio near unity
(orange/red) mean that the intensity field power spectrum is unbiased; values less than unity (the darkest colours) indicate severe signal loss. Generally, the tensor SVDmethods
(top row) perform reasonably well at n≈ 5. The 2Dmethods (bottom row) have similar performance to tensor SVDmethods at large k values, but tend to over-subtract signal low
k for n> 3. As shown previously for compact sources, the Tucker approximation fails for n> 20.
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Figure 15. Normalised intensitymap signal as a function of the number of singular val-
ues removed from the LMC/G23 dataset for the six SVD methods. The signal is defined
as the ratio of the cross-power spectrum to the original intensitymap power spectrum,
averaged over all k (i.e. 1.0 means there is no signal loss, and 0.0 means there is no
remaining signal).

the best extended source performance in the low and high-noise
regimes is offered by the high-n CPSVD method.

Overall, the tensor SVD methods show a lot of promise for de-
noising data of cryoPAF data. This is particularly highlighted for
sources which are compact in all dimensions, but in general seems
to be true for sources, such as the G23 intensity map, which have
power at all scales in all dimensions.

Regarding outliers, the tests presented here have mostly been
made using robust (L1SVD), clipped (CSVD, CSVDstack) or cen-
sored (TuckerSVD, CPSVD) algorithms. Only the basic SVD
method uses fully least-squares L2 methodology. The reason for
the emphasis on robustness is that post-EoR cosmological HI sig-
nals are typically at the ∼0.1 mK level, whereas diffuse Galactic
foreground, away from the Galactic Plane itself, is at the few K
level, and ‘regular’ RFI can be at theMJy level (Staveley-Smith et al.
2022). Such high dynamic ranges are made possible with modern
radio telescopes due to receiver linearity and the use of hierarchi-
cal polyphase filterbank spectrometry. Unsurprisingly, as seen in
the right hand column of Figure 11 and the lower row of the radar

Figure 16. The ratio of the recovered signal to the recoverednoise-free signal as a func-
tion of the number of singular values removed from the LMC/G23 dataset for the six
SVD methods. Signal ratio is defined as the ratio of the cross-power spectrum to the
original intensity map power spectrum, averaged over all k, and this is normalised by
the original intensity map power spectrum with the same number of singular values
removed (i.e. the top panel of Figure 15). A logarithmic y-axis is used here to capture
the noise-biased power spectra at low S/N ratio.

plots in Figure 17, the L1SVD method seems to be the best of the
2D techniques in terms of compact and extended source recovery.
However, the differences between SVD and its clipped counter-
part, CSVD, are more minor, implying that removal of outliers
does not much affect the SVD solution once the data are robustly
scaled as part of the pre-conditioning process. Probably this is due
to the outliers in these datasets being mostly foreground or RFI
vectors which are linearly correlated and therefore automatically
dealt with by SVD. But it may also be due to the limited nature
of the clipping (0.5 and 99.5 percentiles) and the substantial resid-
ual non-Gaussianity – see Figure 18. Nevertheless, the success of
the L1SVD approach relative to other 2D techniques does imply
that investigation of robust L1 tensor SVD techniques may be use-
ful for higher large multidimensional datasets (e.g. Cai et al. 2024;
Ouyang et al. 2024), and therefore a possible alternative to the
successful CPSVD method to explore.

6. Conclusions

We have presented the first spectral-line commissioning data from
the Murriyang cryogenic phased array feed (cryoPAF). Its perfor-
mance is verified through calibrator observations, and observa-
tions of nearby galaxies. Our findings have been:

• The system temperature at 1.4 GHz has been found to
be excellent. For beams with 0.3 deg of the optical axis,
values of its ratio of with dish aperture efficiency and
main beam efficiency were found to be Tsys/ηd = 25.5 K
and Tsys/ηmb = 21.1 K, respectively. Combined with ear-
lier hot-cold load measurements implying Tsys = 17 K
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Figure 17. Radar plots showing the performance of each of the six SVD methods with respect to extracting an extended source (red) and a compact source (blue). The top row
are the tensor SVD methods, and the bottom row are the 2D SVD methods. The left half of each radar plot refers to performance in a ‘low noise’ environment and the right hand
half refers to a ‘high noise’ environment. For each half, we have displayed performance for different numbers of singular values: n= 1, 2, 5, 20 and 50. Extended source recovery
performance is judged by closeness to recovery of themean intensitymap power spectrum (logarithmic space – see Figure 16). The compact source recovery performance is from
the top row of Figure 11 (linear space).

Figure 18. A histogramof the flux densities in the LMCdata cube used for the compact-
source injection tests. The blue histogram is the data without any singular value
removal (preconditioned, but rescaled back to flux density); the orange histogram is
after n= 10 singular values removed (SVD method); and the green histogram is after
clipping and n= 10 singular values removed (CSVD method). The dashed green line is
the theoretical expectation from the radiometer equation.

(Dunning et al. 2023), efficiency values of ηd ≈ 0.7 and
ηmb ≈ 0.8 are derived.

• Zoom band spectra of NGC 6744 and the LMC show
good agreement with previous observations in velocity

and flux density. Aside from times when the digital fil-
terbank flattening module was switched off, spectra were
extremely flat. A complete map was made of the LMC
with a 7× 7 pointing grid in ‘camera’ mode. This enabled
a thorough investigation of performance relative to pre-
vious observations. Firstly, the measured noise (∼18 mK)
was consistent with the observational parameters (i.e. sys-
tem temperature, integration time, frequency resolution
and beam overlap). This implies an rms column density
sensitivity of 3.6× 1016 cm−2 in the 1.1 km s−1 channels
of the gridded cube. Secondly, comparison with previous
multibeam observations (which have a higher rms despite
30× more on-source integration time) shows excellent
temperature agreement. The only scale difference was
attributable to different calibrator brightness tempera-
ture values. However, a low level of emission (0.1–0.3 K)
was picked up in the cryoPAF data, but not seen in the
multibeam data. This is attributed to signal loss due to
high-order polynomial subtraction of spectral and spatial
baselines required to process the narrow-band frequency-
switched multibeam data. On the other hand, only linear
baseline fits in frequency space were required for the
cryoPAF data.

A major part of this study has also been to use the commis-
sioning data to test possible future techniques for the retrieval
of weaker signals from compact and extended sources, focusing
on the suppression of continuum source contamination and
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radio-frequency interference (RFI). We measured the effect on
signal loss and signal-to-noise ratio of various suppression tech-
niques, focusing on the well-proven technique in linear algebra of
singular value decomposition (SVD). Thismethod has beenwidely
used for foreground suppression in previous cosmological stud-
ies of redshifted 21-cm atomic hydrogen but, due to the nature of
the observational data, mainly in its two-dimensional matrix or
unfolded tensor mode. In this paper, we have extended these stud-
ies to higher order, commensurate with the high dimensionality of
cryoPAF data. The main findings of this aspect of our study are:

• Robust pre-conditioning of the data was found to be essen-
tial for stable results and algorithm convergence. Further
robustness (clipping or L1 norm) was useful in greatly
reducing rms residuals, but not necessarily advantageous
in aiding signal recovery.

• For compact sources, 2D SVD techniques are effective
in suppressing noise, but are also effective in suppress-
ing signal unless care is taken to understand signal loss
as a function of RFI and foreground environment. Source
flux density can be completely removed for n= 1 or 2 in
our ‘clean’ NGC 6744 ndataset, and for n≥ 20 for our
‘challenging’ dataset (n is the number of singular values
removed).

• For compact sources, higher-order or tensor SVD tech-
niques are more robust than 2D SVD, providing lower
signal loss and higher signal-to-noise ratio over a larger
range of singular values. These methods have the obvious
advantage of being able to utilise source compactness in
the third dimension. This benefit is shared, but less effec-
tively, with the ‘stacked’ SVD technique (CSVDstack, in
this study), where the third dimension of time/position is
unfolded onto the second dimension.

• For extended sources, we examine signal loss using power
spectrum techniques, in common with methods normally
employed in the search for cosmological signals.We use an
‘intensity map’ generated from the GAMAG23 galaxy sur-
vey. At ‘high’ signal-to-noise ratios (S/N∼ 1), the 2D tech-
niques (especially the robust L1SVD technique) allow con-
vincing signal recovery, although suppress power at small
wavenumbers, or large scales (2π/hk≥ 300 cMpc) for the
small volumes tested here. However, at low signal-to-noise
ratios (S/N ∼ 0.2), only the tensor SVD techniques permit
source recovery.

• Of the tensor SVD techniques, the clipped Canonical
Polyadic decomposition (CPSVD) method has better sig-
nal recovery and signal-to-noise ratio than the Tucker
decomposition for noisy data.

Finally, there is a strong relationship between tensor SVD and
deep learning techniques, with the latter now having a growing
literature in the context of cosmological studies. Deep learning
is a promising method for better identifying outliers, dealing
with non-linear dependencies, and recovering signal in spaces
of high dimensionality. However, substantial groundwork will be
required in training, tuning and transfer techniques to best utilise
its advantages in the face of complex RFI environments, limita-
tions in antenna calibration and complex foreground radiation
fields.
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