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ABSTRACT

Hydrogen intensity mapping is a new field in astronomy that promises to make three-dimensional maps of the matter distribution
of the Universe using the redshifted 21 cm line of neutral hydrogen gas (HI). Several ongoing and upcoming radio interferometers,
such as Tianlai, CHIME, HERA, HIRAX, etc., are using this technique. These instruments are designed to map large swaths of
the sky by drift scanning over periods of many months. One of the challenges of the observations is that the daytime data are
contaminated by strong radio signals from the Sun. In the case of Tianlai, this results in almost half of the measured data being
unusable. We try to address this issue by developing an algorithm for solar contamination removal (AlgoSCR) from the radio
data. The algorithm is based on an eigenvalue analysis of the visibility matrix and hence is applicable only to interferometers.
We apply AlgoSCR to simulated visibilities, as well as real daytime data from the Tianlai dish array. The algorithm can reduce
strong solar contamination by about 95 per cent without seriously affecting other weaker sky signals and thus makes the data
usable for certain applications.

Key words: instrumentation: interferometers — methods: analytical — methods: data analysis —cosmology: observations —radio

continuum: general.

1 INTRODUCTION

Cosmologists study the Universe on the largest observable distance
scales in order to understand its origin and evolution. In the past few
decades, cosmic microwave background instruments have mapped
almost the entire sky with high sensitivity and fine angular resolution.
These maps measure the intensity and polarization fluctuations at the
last scattering surface and remain a primary tool for studying the Uni-
verse. However, for understanding the nature of dark matter and dark
energy, it is essential to study the evolution of structure as a function
of time. Galaxy redshift surveys have been extremely successful in
mapping the large-scale structure of the Universe by cataloging the
distribution of luminous galaxies in redshift space. These maps can
be used, for example, to observe the characteristic baryon-acoustic
oscillation signal, which can be used as a standard ruler to extract cos-
mological parameters. However, as we map larger and more distant
volumes of the Universe, the method faces multiple challenges. For
example, the galaxies become fainter and spectral lines are redshifted
to wavelengths that are difficult to detect from the ground.

* E-mail: anh@wisc.edu (AP); sanjone@gmail.com (SD);
pttimbie @wisc.edu (PT)

Hydrogen intensity mapping, a radically different technique,
creates 3D maps using the 21 cm emission of neutral hydrogen
(HI) without resolving individual galaxies. This line is unique in
cosmology as, for A > 21 cm, it is the dominant astronomical line
emission for all redshifts. Hence, to a good approximation the
wavelength of a spectral feature can be converted to a redshift without
having to first identify the atomic transition. In principle, HI intensity
mapping could be used to make 3D maps of matter at all redshifts
up into the ‘dark ages’ (z &~ 100), even before galaxies have formed.

The first HI intensity mapping observations began over a decade
ago (Abdalla & Rawlings 2005; Peterson, Bandura & Pen 2006;
Chang et al. 2008; Mao et al. 2008; Morales 2008) and interest has
continued to grow (Ansari et al. 2018; Slosar et al. 2019; Liu &
Shaw 2020). A number of dedicated projects have been launched to
detect the signal and turn the technique into a useful cosmological
tool. These are mainly interferometers, such as CHIME (Bandura
et al. 2014; Newburgh et al. 2014), Tianlai (Chen 2011; Xu, Wang
& Chen 2014; Das et al. 2018; Li et al. 2020; Wu et al. 2021),
MWA (Tingay et al. 2013), LWA Eastwood et al. (2018), HERA
(DeBoer et al. 2017), HIRAX (Newburgh et al. 2016), and PUMA
(Slosar et al. 2019), but they also include single dishes with multiple
feed antennas, such as BINGO (Battye et al. 2012; Dickinson 2014;
Wuensche et al. 2019) and FAST (Hu et al. 2020). Intensity mapping
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Tianlai Dish Array

Figure 1. Left: A top view photograph of the Tianlai arrays, which consist of the dish array and the cylinder array. The photo was taken with a drone at a height
of 280 m above the ground. The arrays saw first light in 2016. The position of the calibration noise source is indicated by the white arrows on the left. Right: A
schematic diagram of the Tianlai dish array. The dishes are arranged in two concentric circles of radius 8.8 m and 17.6 m around a central dish. The dishes have
dual-linear polarization feed antennas with one axis oriented parallel to the altitude axis (horizontal, H, parallel to the ground, or E-W in the figure) and the
other orthogonal to that axis (vertical, V, N=S in the figure). For example, the red line shows one of the baselines that is the H polarization of dish 4 correlated
with the H polarization of dish 9: [4H 9H]. The above image is reproduced from Wu et al. (2021).

instruments can address questions at a variety of redshift ranges.
At z ~ 10, they probe the Epoch of Reionization, star formation,
and galaxy assembly, while at lower redshifts they trace large-
scale structure for studies of dark energy, etc. (Battye, Davies &
Weller 2004; Abdalla & Rawlings 2005; Peterson et al. 2006;
Chang et al. 2008; Mao et al. 2008; Morales 2008; Bull et al.
2015).

So far, the HI signal has not been detected using intensity mapping
by itself. Intensity mapping observations, in the post-recombination
epoch, have detected HI when cross-correlated with galaxy redshift
surveys (Masui, McDonald & Pen 2010; Masui et al. 2013; Anderson
et al. 2018). A number of challenging systematic effects must
be overcome to allow autocorrelation detections. The foremost of
these is separating the HI signal from Galactic and extra-Galactic
astronomical foregrounds, which are ~4-5 orders of magnitude
brighter (Liu & Shaw 2020). The Sun represents an astronomical
foreground that is even brighter and of a different character.

The daytime data from radio interferometer arrays in general, and
the Tianlai dish array in particular, are contaminated by the solar
signal, making the data unusable for most astronomical analyses.
The lost data have a significant impact on observing efficiency;
reaching the required survey sensitivity means observing the sky
for almost twice the number of days. This penalty is particularly
problematic for HI intensity mapping, where long integration times
(months or years) are necessary to detect the HI signal. Furthermore,
this data loss prevents obtaining continuous, 24-h data sets, which
allow dense coverage of the u — v plane and facilitate detection
of periodic signals. Furthermore, not having 24 h of continuous
usable observations prevents the application of m-mode map-making
techniques (Shaw et al. 2014). The (u,v) coverage can still be quite
good with nighttime data, and one can recover full 24-h RA coverage
by combining nighttime data from observations about 6 months apart.
In this paper, we try to remove the solar contamination from the
daytime data from a radio interferometer. We have used the data
from the Tianlai dish array as our test sample. However, the problem
is not unique to Tianlai; the same algorithm may be used for other
radio interferometric observations. While daytime observations with
single dish radio telescopes are also plagued by the Sun’s signal, this
algorithm is applicable only to interferometer arrays.

The Tianlai Project is led by the National Astronomical Ob-
servatory of China (NAOC). It consists of two pathfinder radio
interferometers: an array of cylinder antennas and an array of dishes,
at aradio-quiet site in Xinjiang, China (Chen 2012; Li et al. 2020; Wu
et al. 2021). The objective is to obtain high-fidelity 3D images of the
northern sky using HI intensity mapping. The analysis described in
this paper concentrates on the dish array data. The Tianlai dish array
consists of 16 steerable, 6-m diameter dishes; a schematic is shown
in Fig. 1, which also shows the dish numbering scheme. We use
these dish numbers for referring to different baselines in the paper.
The dish array currently operates between 685 MHz and 810 MHz,
corresponding to redshift 0.75 < z < 1.07, divided into 512 equally
spaced frequency bins of width 244 kHz (6z = 0.0002). The 16
dual-polarization feeds yield 32 autocorrelation visibilities and 32 x
(32 — 1)/2 = 496 cross-correlation visibilities, which are currently
sampled every second. The system noise temperatures for the dish
antennas are 80-85 K (Zhang et al. 2016; Das et al. 2018; Li et al.
2020; Wu et al. 2021).

Different methods have been proposed to remove broad-band radio
frequency interference (RFI) and the solar contamination (Briggs,
Bell & Kesteven 2000; Paciga et al. 2011) based on singular
value decomposition (SVD) and other methods in the time and
frequency domain. The solar contamination is extremely strong in
the Tianlai data and methods using SVD decomposition in the time
and frequency domain remove the background signal along with
the solar contamination. The objective of this paper is to describe
an eigenvalue-based approach that operates in the baseline space
for removing solar contamination from radio interferometric data
without affecting the background signal. We propose an algorithm,
AlgoSCR, that can remove most of the solar contamination, provided
the Sun is the strongest source in the sky along with other weaker
sources. The paper is organized as follows. In the second section, we
discuss the solar contamination problem in the Tianlai dish array in
detail. The third and the fourth sections give the detailed algorithm
for removing the solar contamination. We also show the results of
our analysis on the real Tianlai data. To test what fraction of the Sun
signal can be removed by our algorithm, and how much signal from
other cosmic sources is removed by it, in Section 5 we perform two
tests. First, we apply it to Sun-contaminated Tianlai data and compare
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Figure 2. Value of the (uncalibrated) cross-correlation visibility amplitudes averaged over the 10 central frequency bands during 4 d of observations of the
NCP in 2019 April. Integration time is 1s. Each plot corresponds to a different baseline, as indicated. The baseline numbering scheme appears in Fig. 1. Time

is given in local time.

the cleaned visibilities to the same sidereal times observed during
nighttime. Secondly, we apply it to simulated data where the amount
of solar contamination and foreground point sources are known. In
the Discussion section, we assess the efficacy of the method and the
issues that we face when applying it. We also describe some future
directions to pursue with this approach.

2 THE SOLAR CONTAMINATION PROBLEM

The Tianlai data show strong contamination from the solar signal
during the daytime. In Fig. 2, we plot the sum of the absolute visibility
from 10 frequency channels (out of 512 channels) at the centre of the
band for 4 consecutive days (total 96 h) for two different baselines.
The horizontal axis shows the time in hours, starting at the beginning
of the observations. The two different plots are for two representative
visibilities. We can see a roughly smooth visibility amplitude for
about 10 h every day and then a sudden increase in the absolute
visibility and a noisy pattern for about the next 14 h.

The plots clearly show that the daytime signal is several times
stronger than the night. The shape of the contamination pattern also
varies with baseline. Some of the baselines show a bumpy feature
with the strongest visibility occurring near noon, whereas for other
baselines the signal is strongest during Sunrise and Sunset and shows
a ‘dip’ feature during the daytime. The top plot is the autopolarization
visibility corresponding to two horizontal feeds, whereas the bottom
plot shows an autopolarization visibility from two vertical feeds. The
autopolarization signals from similar feeds on other baselines show
roughly similar types of patterns, except for a couple of baselines.
The data are taken during observations of the North Celestial Pole
(NCP) in 2019 April. During this observing period, the path of the
Sun is located at an angle of approximately 85° from the direction of
the main beam. The plot gives an overview of the magnitude of the
solar contamination problem in the Tianlai dish array.

MNRAS 512, 3520-3537 (2022)

An obvious conclusion of this strong daytime visibility is that
the telescopes are responding to the Sun’s illumination of their
far sidelobes. For the baselines measuring correlations of the H
polarization, the antenna sidelobes are aligned with the direction of
Sun near noon, providing a strong visibility at midday, while for the V
polarization the Sun falls between two side lobes at noon, producing
stronger signal during Sunrise and the Sunset. These effects are
consistent with the expected responses of the feed antennas, which
are essentially orthogonally oriented crossed dipoles.

In Fig. 3, we show a cut through the simulated beam pattern for
a single dish measured using an electromagnetic (EM) simulation
package (CST"), corresponding to the Sun’s track during the daytime.
We can see that for one of the polarizations, we are getting a low
amplitude during the midday whereas for the other polarization
(bottom plot), the amplitude is comparatively high at noon. The
simulated patterns shown in Fig. 3 do not exactly replicate the
observed pattern of Fig. 4, because the sidelobes from these EM
simulations do not exactly match those of the real beam. The
sidelobes at this particular angle are also highly cluttered. A couple
of degrees change in the path gives rise to a very different shape
in the sidelobes, making it difficult to reconstruct the exact pattern
through such an EM simulation.

This daily response to the Sun signal is relatively constant over a
period of a year. Fig. 4 shows the directive gain of the dish antennas
as computed by an EM simulation. The Sun enters the sidelobes of
the antennas over a range of polar angles for which the beam patterns
are relatively flat. The simulation is consistent with measurements
of the daytime visibilities at different times of the year. Using the
eigenvalue analysis described below, Fig. 5 shows the contribution
by the Sun to the visibility for a typical baseline during 2018 January
and then again in 2019 April. As the paths of the Sun through the

Uhttps://www.3ds.com/products- services/simulia/products/cst-studio-suite/
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Figure 3. Simulated antenna directivity along the Sun’s track across the
beam during daytime (180° corresponding to 12 h) when the dish array is
observing the NCP in April. The scale is in arbitrary linear units (not in dB).
The plot shows that for one of the polarizations, the signal from the Sun has
a ‘dip’ in power during the daytime, whereas for the other polarization, there
is high power during certain parts of the daytime. Even though the plots do
not show the exact features that we observe during daytime (Fig. 2), we must
remember that the sidelobes from the electromagnetic simulations are not
exactly the same as those of the real antenna.

sidelobes of the antennas are different at different times of the year,
the visibilities are also slightly different, but the overall patterns of
the signals are similar. We can see that the amplitudes are within
~ 30 per cent of each other. Part of this amplitude variation was
induced by the variation of system gain, which is caused by the
different air temperature in January and April. The fast oscillating
fringes from the Sun are present in both plots.

The complex visibility for a typical baseline is shown as a
‘waterfall plot’ in Fig. 6 for a 24-h period. We can see that the
daytime data are dominated by bright fringes caused by the Sun.
On the other hand, the pattern in the nighttime data comes from
the much dimmer radio sky and has a very different character. The
dominant fringes in the nighttime data come from a combination of
weak sources near the NCP and bright sources far from the NCP,
particularly Cassiopeia A (Cas A) and Cygnus A (Cyg A).

3 REMOVING SUN CONTAMINATION USING
EIGENVALUE ANALYSIS

We start by defining the notation used in this paper. The visibility
matrix is given by

V = [D°G]'[D*G] + ([N]T[N]), )

where D* is the voltage signal from the antenna in matrix form, G is
a direction-independent complex gain matrix, N describes the noise
from the receivers, and T represents the conjugate transpose. The
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Figure 4. Simulated beam directivity as a function of beam angle 6 from
the beam centre of the antennas for three different frequencies, 700 (red),
750 (green), and 800 MHz (blue). Each plot shows the absolute co-polar
directive gain averaged over the azimuthal angle. The angle is the polar angle
calculated from the centre of the beam. The yellow shaded region shows the
range of polar angles for which the Sun appears in the sidelobes of the beam,
ranging from 66.55° at the Summer Solstice to 113.45° at the Winter Solstice,
when the dish array observes the NCP. The gain is relatively flat over this
range of angles and causes the Sun signal to vary by only a factor of about 6
over the year.

individual components are given by
Vi = (E E;). 2

E; represents the complex voltage from receiver i, with E; being its
complex conjugate. E; is given by

i = (Z D, @)e™" a) Gi+ N, ©

where Fj is the electric field of the radio wave coming from a source

on the celestial sphere, D;(a;) is the primary beam of antenna i, and

this is a function of the direction vector . K is the three-dimensional

wavenumber, the Fourier dual to the position vector r; of feed i.
The intensity of the source at any frequency v, is given by

L) = |[F,0)* = FX (W) F(v). )

For extended sources, we need to integrate over different directions
for calculating E;:

E; = ( / D; (&) ™7 Fsdws) G, + N:. )

The visibility is an ensemble average of the E/E;, i.e.

V(i.j) = (E? Ej >fim

1 Tint
[—/ E;*Ejdt}, (6)
Tint Jo

where 7y is the integration time, which is constant for any time and
frequency bin (¢, v). For the current Tianlai setup, the integration
time is 1 s. The asterisk () represents the complex conjugate and the
bracket ( ) represents the ensemble average.

Here, we should note that the visibilities from different astrophys-
ical sources are additive. Provided there is only one point source
on the sky, the visibility matrix, i.e. V j, at any time can be
written as an outer product of the electric field from the source
measured at different feed antennas. Therefore, if the visibility matrix
is decomposed into its corresponding eigenvalues and eigenvectors,
there should be only one non-zero eigenvalue. In the presence of
other weaker sources, the largest eigenvalue should correspond to

MNRAS 512, 3520-3537 (2022)
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Figure 5. The amplitude of the daytime visibilities in 2018 January and 2019 April. Due to the difference in the time of Sunrise in January and April, the 0 h
of each curve is adjusted so that the Sun signals from both data sets peak at about the same time. The green and blue curves are the amplitude of the visibility
obtained from the telescope for 2018 January and 2019 April, respectively. The ‘fast oscillation’ fringes are seen in both observations. The red and orange curves

are corresponding spline fits to better highlight the fast oscillation fringes.
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Figure 6. The complex visibility for a typical baseline plotted over a 24-h
period in 2019 January. We represent the phase of the complex visibility
by hue (colour) and the amplitude by value (brightness) in an HSV (hue,
saturation, value) display of the colour model (see Fig. B2 for details). The
local time proceeds linearly from left to right, with a sampling interval of 1 s.
The frequency increases linearly from bottom (685 MHz) to top (810 MHz) in
512 equally spaced frequency bins. The time interval from about 10:00-18:00
is dominated by the Sun.

the Sun signal and the eigenvector corresponding to the largest
eigenvalue will roughly point towards the direction of that source in
the eigenspace. The contributions from additional, weaker sources
and noise may alter the direction slightly.

Comparing the visibility amplitudes between the daytime and the
nighttime data in Fig. 2, we can infer that the largest contribution to
the daytime signal is from the Sun, entering through the antenna side-
lobes. Therefore, in the eigendecomposition of the visibility matrix,
the largest eigenvalue should represent the solar contamination.

3.1 Issues with the autocorrelation signal

The voltage from the feeds contains a contribution from the receiver
noise. Therefore, the measured signal or voltage E; for a given feed
i is the sum of the sky signal, Egyy; and the instrument noise, N;, i.e.
E; = Eskyi + Ni.

MNRAS 512, 3520-3537 (2022)

Under the assumption that the noise terms from separate feeds are
uncorrelated, we can say that the ensemble average of the noise from
feed i and feed j is zero, i.e. (N N;) ~ 0. Therefore, the visibility for
cross-correlated feed i and j, where i # j,is V, jy = (Egy; Esky j)-

However, for the autocorrelations, the visibilities, V|; ; are dom-
inated by the positive noise term (N} N;). The amplitudes of the
autocorrelation signals are much higher than those of the cross-
correlation signals. Therefore, in an eigendecomposition of the
visibility matrix, the eigenvectors are dominated by the noise signals
from the autocorrelation, as the sky signals are typically much smaller
than the noise.

It is not possible to ignore these autocorrelation signals or simply
set them to O during the eigenvalue decomposition. To overcome
this difficulty, we replace the corresponding terms in the visibility
matrix by the following quantity as a proxy for the autocorrelation
visibilities:

1 VinViip L
V(,‘q,‘) = — abs {; , Vi 7é J 75 k. (7)
n ; Vo

The receiver noise component in the correlation matrix is bypassed
by using equation (7) to replace the autocorrelations. But its long-
term effects remain uninvestigated. Here, n is the number of values
over which we are doing the sum, i.e. the number of (j, k) pairs.
This brings the level of the amplitude of the autocorrelation to the
order of the cross-correlation amplitude and we can do a meaningful
eigenvalue decomposition.

3.2 DC offset in the visibility

If there is no strong source in the sky, then the real and the imaginary
parts of the visibility are expected to randomly fluctuate around 0.
However, often in radio interferometers, there are some DC offsets in
the real and imaginary components of the visibility. The offsets may
originate from a variety of systematic effects, and cross-coupling of
signals between the antennas is one of them. In the Tianlai data,
we see it in multiple baselines as coloured horizontal stripes in the
waterfall plots of the complex visibility (see Fig. 6).

In the top plot of Fig. 7, we show the real and the imaginary parts
of the visibility from a transit of Cas A observed by baseline [SH
7V]. The amplitude of the visibility during the transit is expected to
form a Gaussian profile. However, as there is some DC offset, we can
expect the plot to show some wavy feature modulating the Gaussian.
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Figure 7. Top: The real and imaginary components of the raw visibility of
baseline [SH 7V] during transit of Cas A in 2017 October. We can see that
there is a small DC offset in both the real and imaginary components. Middle:
The real and imaginary components of the raw visibility after removing the
offset from each of the components. Bottom: Amplitude of the visibility of
baseline [SH 7V] after removing the mean. We can see a perfectly Gaussian
transit peak.

To prevent this, we need to remove the DC offset. In the middle
panel of Fig. 7, we show the real and the imaginary components of
the visibility, after subtracting the mean of the nighttime data from
both the real and imaginary components of the visibility. We remove
the nighttime mean from each frequency channel and each baseline.
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Figure 8. The waterfall plot of the complex visibility (same as Fig. 6) after
the nightly mean subtraction. We can see that most of the horizontal stripes,
which probably are caused by crosstalk, are now gone from the waterfall plot.
The structures from the sky are more prominent.

The amplitude of the visibility, after DC offset removal, shows a
Gaussian peak during the transit of Cyg A, as expected and is shown
in the bottom panel of the same figure.

We are investigating the source of the DC offset. However, the
nighttime mean subtraction substantially reduces the night-to-night
variation in absolute terms and as a fraction of the remaining signal, as
discussed in Wu et al. (2021). This nightly mean subtraction removes
much of the correlated noise as well as a significant fraction of the
signal (gain times sky). Because the sky signal should be the same
at the same local sidereal time, it does not contribute to the nightly
variation that can be caused by variations in gain or correlated noise.
If the variations were due only to gain fluctuations, we would not
see a decrease in fractional variation. Thus, much of the subtracted
signal is correlated noise.

The presence of this DC offset may also introduce an error in
the eigendecomposition and it must be removed before running the
Sun removal algorithm described below. We subtract the mean value
of the real and imaginary parts of the visibility for each night of
data. We do not include the daytime data when computing the mean,
because it is contaminated by the Sun. However, the DC offset is
very stable over each night and from night to night. So, we remove
the nightly mean from the entire 24 h of data, including the daytime
data.

InFig 8, we show a waterfall plot of the complex visibility from one
baseline after the nighttime mean removal. We can see the nighttime
structures more prominently after the mean subtraction.

Note that, for simplicity, we have considered only the autopo-
larization signals. If we use both the autopolarization and cross-
polarization signals, we expect to get two large eigenvalues, each
corresponding to one of the polarizations. However, at present,
we are in the process of understanding different systematic effects
involved in measuring the cross-polarization signals in the Tianlai
data. Different systematic effects, e.g. mutual coupling between two
feeds in the same dish, which are in close proximity to each other,
are more complicated for cross-polarization data than the same
polarization and require detail investigation both in data analysis
and the instrumentation level. These are beyond the scope of this
paper. Therefore, in this paper, we set the cross-polarization signal

MNRAS 512, 3520-3537 (2022)
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Figure 9. Plot of all the 16 eigenvalues in the eigendecomposition of the horizontal polarization visibility V(). We can see that one of the eigenvalues is much
larger than the other eigenvalues during daytime. This particular eigenvalue is coming from the solar contamination of the daytime data. We can see that the
other eigenvalues are also affected during daytime. This happens due to the change in the eigenvectors, one of which (the eigenvector corresponding to the
largest eigenvalue) is oriented towards the Sun during the daytime. The plot here is shown at the central frequency (747.5 MHz) of the observed Tianlai Dish

Array band. All other one-dimensional plots also use this frequency.

Eigenvector phase (15-16)

Figure 10. Phase plot of the 15th component of the eigenvector corresponding to the largest eigenvalue of the horizontal polarization visibility, V(). We can
see the strong fringes during daytime, which confirms that the eigenvalue is coming from a single strong source, the Sun. During night, as there is no single
strong source, the phase is varying randomly. The horizontal line in the centre is caused by the calibration noise source, which is turned on and off periodically.

to 0, making the visibility matrix look like

v g
V= [ 0 V(V):| ’ (8)

where the superscripts H and V refer to the horizontal or vertical
polarization, respectively. V is the visibility matrix at each time and
frequency (¢, v).

3.3 Understanding the eigenvalue decomposition

For removing the solar contamination from the real data, we first re-
move the DC offset from all the cross-correlation channels. We write
the visibility matrix for each frequency and at every time bin in the
form shown in equation (8). We replace the autocorrelation signals
using the formula given in equation (7) and decompose the matrix
into eigenvalues and eigenvectors as V = EAE~!. At this point, it
should be noted that the eigenvalue decomposition is invariant under
a U(1) transformation, i.e. if we multiply the full eigenvector matrix,
&, by afactor of e’ for any real ¥, then the corresponding eigenvalue

MNRAS 512, 3520-3537 (2022)

matrix A will remain invariant. Therefore, without loss of generality,
we choose the first component of the eigenvector for each time and
frequency component to be real and positive.

Also, in our case the visibility, VX (where X = {H, V}) is a block
diagonal matrix. Therefore, the eigenvalues and the eigenvectors of
the matrix will be the eigenvalues and eigenvectors from each of the
blocks, i.e. VX = EOAD X -1 Foreach rand v, Eisan x n
matrix whose i-th column is the complex normalized eigenvector,
Si(x) of V, and A is the diagonal matrix whose diagonal elements,
A;; = A;, are the corresponding eigenvalues.

Fig. 9 shows 16 eigenvalues calculated from the horizontal
polarization matrix (V) as a function of time. The plot clearly
shows that one eigenvalue is much higher than the other values during
daytime. We can undoubtedly infer that the major contribution to the
power in that particular eigenvalue comes from the solar contami-
nation, as the Sun is by far the strongest source in the sky during
daytime.

Fig. 10 shows the phase of one of the components of the eigenvec-
tor that corresponds to the largest eigenvalue: S((]?] ¢)- Eigenvalues are
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Eigenvector phase (15-13)
o

Figure 11. Phase plot of the 15th component of the eigenvector corresponding to the fourth largest eigenvalue in the horizontal polarization visibility VU1,
Here, we do not see any fringes, showing that no individual strong source is contributing to this particular eigenvalue.
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Figure 12. The phase of one component of the eigenvector corresponding to the second largest eigenvalue. We can see weak fringes, indicating that some of

the solar contribution is present in the second largest eigenvalue.

sorted according to the daytime amplitude. The 16th eigenvalue is the
largest and we have shown the 15th component of the corresponding
eigenvector.

Clear fringes are visible in the daytime data, showing that the
daytime signal in the eigenvector is coming from a single strong
source. In the nighttime data, we can see that the phase varies
completely randomly, proving the absence of any single strong source
at the nighttime data.

In Fig. 11, we show the phase from one of the components of
the fourth largest eigenvector, 5((1?13). Unlike Fig. 10, no fringes
are visible, indicating that there is no single strong source being
detected by that particular baseline and the signal is coming from
the background sky. The same thing is true for any of the other
smaller eigenvalues. In Fig. 12, we have plotted the phase from one
component of the eigenvector corresponding to the second largest
eigenvalue. We can find weak fringes during the daytime, indicating
that some of the Sun signal has ‘leaked’ into this eigenvector. Ideally,
the second eigenvalue represents the second strongest sources in the
sky, and this leakage may be due to the presence of other sources
and the background noise, which includes diffuse sources from
the sky and thermal noise. In addition, the re-normalization of the
autocorrelation signal using equation (7) is another possible cause of
this leakage. Finally, it may also be that some of the solar radiation

is being reflected from the ground and illuminating the feeds from a
different direction from the main Sun signal.

If we plot the phase from any component of the eigenvector
corresponding to the third largest eigenvalue, we can still see some
fringe pattern in the daytime data. However, these fringes are much
weaker in comparison to 8((1)2)5) showing that the leakage of solar
power is mostly restricted to the second largest eigenvalue.

3.4 A first attempt to subtract the solar contamination signal

Because the solar signal is contributing mostly to the largest eigen-
value, as a first step in removing the Sun signal, we can set the
largest eigenvalue during the daytime data to 0 and then reconstruct
the visibility. In Fig. 13, we show the largest eigenvalue as a function
of time (in blue during the daytime). The red curve shows the value
after setting the largest eigenvalue during daytime to be 0. All the
other eigenvalues are kept fixed. In Fig. 14, we show the waterfall
plot of the complex visibility of one baseline that we recover after
this step. The plot shows that most of the contamination is removed.
However, some solar contamination signal is still discernible in the
visibility plot. We can see clear, faint fringes for the baseline plotted
in Fig. 14.
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Figure 13. Blue: The original largest eigenvalue from the eigendecomposition during daytime. Red: The same largest eigenvalue but with zero value during
the daytime. This step simulates removing the Sun signal in equation (11), since the largest eigenvector during the daytime points in the direction of the Sun in

the eigenspace.
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Figure 14. The waterfall plot of the complex visibility after zeroing the
largest eigenvalue during daytime for a typical baseline. Nightly mean
subtraction has been applied. There is still some residual solar contamination
signal, which is causing the weak fringes during the daytime.

4 IMPROVING THE SUN SUBTRACTION

As we can see from Fig. 14, some of the solar signal still remains
in the visibility matrix, mainly the signal that leaked to the second
largest or even to the third largest eigenvalue. We attempt to remove
this residual signal through the following two steps.

4.1 Smoothing the eigenvalues and eigenvectors

The problem with the direct eigenvalue removal method described
above is that it is based on the assumption that there is a single source
on the sky. This is not true in this case, as the visibility matrix contains
signals from other sources as well as instrument noise. In Fig. 15, one
component of the eigenvector corresponding to the largest eigenvalue
is shown in light green over a period of 4 h. The data, sampled every
second, are noisy. However, as the Sun moves smoothly and the
beam is not expected to be structured on small scales, we expect the
eigenvector to vary smoothly with time. These fluctuations in the
eigenvalue probably come from noise. The long-term (minute level
and longer) fluctuations originate in the structure of the sidelobes of
the telescopes.

MNRAS 512, 3520-3537 (2022)

As the noise in the visibility matrix may cause the Sun signal
to leak from the largest eigenvalue to other eigenvalues, in this
section we try to reduce the effect of noise. For doing that, we fit
a smooth curve (black line) through the eigenvectors corresponding
to the Sun signal. This smoothed signal from the largest eigenvector
is then subtracted from the original visibility to construct the Sun-
removed visibility.

The cleaning routine can be summarized as follows. The visi-
bility matrix V*® is first decomposed into the eigenvalue and the
eigenvectors for each time and each frequency bin,

VX — gD -1 x gy, ©

Suppose Es is the eigenvector corresponding to the largest eigenvalue,
As. As shown in Fig. 15, the direction of £ will vary in every second.
The n-dimensional complex eigenvectors have only 2n — 1 degrees
of freedom as we have already set the first component to be real and
positive. As the eigenvectors are unit vectors, the total number of
independent components becomes 2n — 2. If we fit a smooth line
through each of the 2n — 1 components, then we will overfit and the
amplitude of the eigenvectors will not be 1. To keep the eigenvector
normalized while doing the fitting, we express each (complex)
component of the eigenvector in n-dimensional spherical coordinates
and then fit a smooth line through the tangents of the angles in
spherical coordinates and convert back to Cartesian space. This gives
the black line, shown in Fig. 15. Smoothing in spherical coordinates
ensures that the normalization of the eigenvector is preserved during
the smoothing procedure. (See Appendix A for details.)

Let the smoothed components of the largest eigenvectors be Es.
If Xg is the contribution to the visibility from the direction of the
eigenvector &, then we can write, As = 5'ST V. If we assume
that this smoothed component comes from the Sun signal, then the
contribution to the visibility from the Sun is given by

Vs = ks [Es ® Es] . (10)
After subtracting the Sun signal, the contribution to the visibility
from the rest of the radio sky and noise is given by

Vsiy =V — Vs (11

In Fig. 16, we show the complex visibility after removing the Sun
signal using this particular algorithm. In comparison to the simplest
algorithm, of just removing the largest eigenvalue, this new algorithm
works better. However, we can see that some of the Sun signal is still
present in the visibility.
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Figure 15. A 4-h segment of the amplitude of one component of the eigenvector corresponding to the largest eigenvalue is shown in the light green curve. The
sampling interval is 1 s. The random fluctuations in the data come from the noise. The black curve shows this component after smoothing the data, as described

in Section 4.1.
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Figure 16. The complex visibility after smoothing the components of the
largest eigenvector in spherical coordinates (described in Section 4.1, before
scaling by a gain factor, described in Section 4.2) for a typical baseline.
Nightly mean subtraction has been applied. There is still some signal from
the Sun that has not been removed.

4.2 Scaling the Sun signal from eigenvalue analysis

The above eigenvalue analysis is based on the assumption that
the signal coming from Sun is contained in the largest eigenvalue.
As discussed before, this assumption is not correct because of the
leakage of power into other eigenvalues.

To overcome this issue, we consider that during the daytime the
signals from the sky are much smaller than the solar signal. Therefore,
the Sun signal, Vs(z, v), calculated from our analysis should roughly
match with the visibility V(z, v) during the daytime as the other
signals are negligible in comparison to the Vs(#, v), provided that
there are no other strong sources during the day. To do that, we
introduce a scaling (gain) factor, g = Ae', for each 1000 s (about
15 min) of daytime data and minimize

X2 =D IRV = gVs(t, )P + > ISV —gVs(t, ). (12)

Here, %1() and J() are the real and imaginary parts of the quantity
inside the bracket. We get 36 gain factors (g), calculated from 10 h

(36000 s) of daytime data. In Fig. 17, we show the plot of g over
10 h of daytime, with circular dots. The smooth lines show the
interpolated data. We can see that g varies smoothly throughout the
day. The expectation is that the |g| should be very close to 1 and
very smooth, and the phase variation should be very small. This is
because the Sun and the sky move smoothly through the beams over
the day. As long as the Sun signal is strong enough in comparison to
the background sky, we can expect that the power leakage will vary
smoothly and the gain variation should also be smooth. As the signal
in the largest eigenvector and leaked power both are coming from
Sun, we can expect the phase variation to be minimum. Fig. 17 shows
that the assumption is a good one in this case. However, near sunrise
and sunset the amplitude and the phase change rapidly, possibly
because the Sun signal is weaker at those times.

The interpolated g is used as a multiplication factor to determine
the solar contribution g x V(¢, v), which is finally subtracted from
V(t, v). This gives our final Sun-removed signal from the daytime
data, i.e.

Vsiy(t,v) = V = gin(t, v)Vs(t, v). (13)

In Fig. 18, we show the complex visibility after the solar contami-
nation removal using equation (13). We can see by visual inspection
that most of the contamination signal is removed and the fringes
from the weaker sources in the background sky are visible. This is
the best that we get from AlgoSCR. However, on closer inspection
we can see that a small amount of the Sun signal is still present in the
data in the form of weak fringes. In the next section, we will make a
first estimate of the performance of our solar signal subtraction and
its effect on the signals from the fainter sources.

5 TESTING THE EFFICIENCY OF THE
ALGORITHM

5.1 Comparison with uncontaminated data

Due to the orbital motion of Earth, the solar signal contaminates
observations made at different sidereal times, or sky orientations.
Therefore, to quantify the fraction of the solar contamination re-
moved by AlgoSCR, in this section we compare the Sun-removed
visibility to the uncontaminated visibility observed during the same
sidereal time at an interval of four sidereal months. In the left plot

MNRAS 512, 3520-3537 (2022)
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Figure 17. Plot of the gain g = A¢' after x> minimization for 10 h during the daytime. Blue: Plot of the gain amplitude A. Red: Plot of the gain phase ¢ in
radians. The dots represent the points of x> minimization that occur every 1000 s. These gain values are extrapolated to the intervening points for a total of

36000 s.
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Figure 18. The waterfall plot of the complex visibility after x> optimization
scaling the Sun signal by a gain factor (Section 4.2) for a typical baseline.

of Fig. 19, we show the raw complex visibility from 2018 January
(same as Fig. 6). The middle plot is the visibility after the solar
contamination removal using AlgoSCR (same as Fig. 18). Finally, the
plot on the right shows the complex visibility of the sky observed in
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2019 April. All plots show the complex visibilities over one sidereal
day. About 5 h of 2019 April, visibility plot is not contaminated by
the solar signal, and we mark that period with two white lines in all
the plots.

The plots show that visibilities of the same sky orientations are
similar. The large fringes in the Sun-cleaned plot coincide with
those from nighttime of 2019 April. Here one should note that,
in the plot in the middle, we can also see some additional weak,
rapidly oscillating fringes, which are not present in the 2019 April
data. However, upon careful inspection, we can see that these ‘fast
fringes’ are originally present in the left plot (before Sun removal).
Therefore, the algorithm does not introduce any obvious additional
signal.

For understanding these results quantitatively, we take 1-min time
averages and 384-bin frequency averages and then calculate the ratio
of the residual Sun signal to the background signal over the same 5-h
range of sidereal time:

2 i [ Vsiy(t, v) = Vorga010(2, 1)
>0 [Vorg2019(, V)]

=0.37. (14)

Here, V2019 is the original (i.e. uncleaned) visibility from 2019
April. The ratio of the original daytime signal to the background
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Figure 19. Left: Waterfall plot of original (Sun-contaminated) 2018 January complex visibility over 24 h (same as Fig. 6). Middle: waterfall plot after applying
removing solar contamination with AIgoSCR (same as Fig. 18). Right: waterfall plot of visibility data taken in 2019 April. The areas between the white lines
show periods of sidereal time when observations occur during daytime in January, and nighttime in April.
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Figure 20. Top: The amplitude of the visibility for baseline [IH 3H]. The actual data from the Tianlai dish array are coloured blue, while the simulated data are
shown in red. The actual data are very similar to the simulation; regions of overlap appear purple. Bottom: In red is the real part of the noise plus the artificial
sources. The blue line shows the real part of the signal from the artificial sources that is added to the data. The imaginary part (not shown) is similar to the real

part.

signal over the same sidereal time is:

D Vorg2018(2, v) = Vorga019(2, 1)
Zt,u IVorg—ZOIQ(ts U)|
Assuming that the difference measured by equation (14) is dominated

by residual Sun contamination, we see that AlgoSCR reduces the
solar contamination by about 95 per cent.

= 7.48. (15)

5.2 Comparison with simulated data

We test the efficiency of AlgoSCR when applied to simulated data
sets. This provides us with another way to check the fraction of the
solar contaminant signal that is removed and to determine how much
of the sky signal we are erroneously removing by the analysis.

5.2.1 Construction of simulated data

For constructing a simulated visibility signal Vg, we assume that
the electric field at each feed antenna contains contributions from
Sun, the sky, and noise. We have assumed that the noise variance is
the same throughout the analysis.

The receiver noise is modelled as Gaussian noise in the electric
field, E s, at the feed antenna. We consider the noise contribution
to the electric field to be Gaussian in each sample.

In the Tianlai dish array, the integration time in the correlator
is 1 s. The correlator takes in the data that are collected every few
microseconds and averages them in an interval of 1 s. To simulate this
process, we add Gaussian random noise in the electric field with a
sampling interval of 10 ms. We then calculate the noise contribution
to the visibility as Vioise(i,j) = (Enoicei Enoise j)rine» Where ()0
represents the ensemble average over integration period, Ti,e = 1 s.
Here, we have 100 data points for every second on which the average
is carried out. This method also ensures that the autocorrelation
visibilities follow a x 2 distribution and the cross-correlation visibil-
ities follow a product normal distribution. The mean and variance of
E,isei are chosen empirically so that the simulated visibility, Vg,

matches the observed visibility. The mathematical details on how to
calculate the visibilities from artificial point sources in the sky are
shown in Appendix B.

To create the simulated Sun signal, we have taken the largest
eigenvalue and corresponding eigenvector from equation (A6) from
the Tianlai dish array data and treated it as the solar signal. The
electric field for the Sun, thus calculated, is added to the simulated
noise.

For the simulated artificial sources, we assume that the telescope
array is pointed at the NCP. The artificial sources are three made-up
sources near the NCP. All the artificial sources are visible within the
main beam, which is assumed to be Gaussian. Their brightness is
chosen so that the amplitude of their combined visibility is about
10 times smaller than the noise. (An analysis with different source
strengths is presented in the next section.) The artificial source
visibilities are frequency- and baseline-dependent, just as visibilities
from real sources on the sky. We also assume that the visibilities
for the Sun and artificial sources are uncorrelated, i.e. there is no
cross-term between the Sun and the artificial sources. This makes
the visibilities for the Sun and artificial sources additive, as shown
in equation (16). Please check Appendix B for details.

Vsim = Vnoise + VS + Vaniﬁcial sources (16)

5.2.2 Results from the simulated data

We generated simulated data as shown in Fig. 20. The top panel
of Fig. 20 shows the amplitude of the visibility for baseline [1H
3H] for both simulated and actual Tianlai dish array data: the plot
in blue shows the actual complex visibilities from the Tianlai dish
array, and the red plot shows the simulated data in our simulation
(see equation 16). The bottom panel shows the real part of the signal
from the artificial sources (in blue). The real part of the combined
signal (simulated noise and the visibility of the artificial sources that
is added to the Sun) is shown in red.
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Figure 21. The real part (top) and the phase (bottom) of the Sun-removed visibility from simulated data for baseline [ 1H 3H] after 60-s averaging. The signal

from the artificial sources is shown in blue.
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Figure 22. Plot of the real part of (Vim — Vorg)/o', where o2 is the variance of the added noise. We can see that the ratios for the real part are roughly within 3.
As the noise is Gaussian, we can expect that the noise signal should be with 30. We conclude that the Sun removal algorithm does not introduce any significant

additional noise in this analysis.

We apply AlgoSCR to the simulated data. Top panel in Fig. 21
shows the real part of the visibility (in red) after applying the Sun
removal algorithm, along with the real part of the visibility of the
artificial sources (in blue) for baseline [ 1H 3H]. As the nature of the
imaginary part will be similar, we have not explicitly shown it in the
plot. The phase is shown in the bottom panel of the same figure.

The ratio of the difference between the simulated and the original
visibility Viim — Virg, and the noise standard deviation, o, is plotted
in Fig. 22. We can see that the ratio is within 3. As the injected noise
is Gaussian, we can expect that most of the visibility should also fall
within 3¢ . Therefore, Fig. 22 ensures that the recovery of the signal
using AlgoSCR does not introduce additional noise.

The red plot in Fig. 23 shows the difference between the amplitude
of the simulated visibility (including the Sun) and the visibility that
we are getting after applying AlgoSCR. This gives the contribution
from the Sun in our simulated data. The blue curve shows the Sun
signal that we introduced for generating the simulated data. We can
see that the plots match very well. Top plot is constructed using the
data from each second and the bottom plot is after averaging the data
over a minute.

MNRAS 512, 3520-3537 (2022)

In the next set of plots, Fig. 24, we show the complex visibilities
for one baseline, before and after the solar contamination removal by
AlgoSCR. The visibility data show that the artificial sources that we
had introduced are clearly visible after the solar signal removal, even
though the source strength was much smaller than the Sun signal
and the noise. This plot shows qualitatively the potential of the Sun
removal algorithm. In the next section, we quantify the amount of
the signal from artificial sources that is removed.

5.2.3 Comparing efficiency of the method for different external
source strengths

Here, we compare the efficiency of AlgoSCR in recovering the
artificial sources for different source strengths. For this analysis,
we use the real daytime visibility data taken by the Tianlai dish array
as the base visibility. To these data, we add the artificial visibility
signal with different source strengths. We assume that sources
are not correlated with the visibility data and the visibilities are
additive.
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Figure 23. The difference between the simulated visibility (shown in Fig. 20) and the Sun-removed visibility (shown in Fig. 21) is shown in red with 1-s
averaging. The signal from the largest eigenvector, which is used as the Sun signal during the daytime, is shown in blue. The data are averaged in 60-s time bins
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Figure 24. Top: Simulated daytime visibilities for a typical baseline. The
bright fringes are from the Sun and the weaker fringes are from the artificial
sources. Bottom: Sun-removed visibility using AlgoSCR. The fringes from
the artificial sources are clearly visible.

After running AlgoSCR to remove the Sun, we use a x> statistic
to compare the signal with the source visibility that was originally
inserted. The plot of the reduced XZ for baseline [1H 3H] is shown
in Fig. 25 against the source strength. Here, x2 is defined as x? =
# > [ Vorg(t, V) — Vi (2, v)|* during 10 h of daytime. Here, o>
ist the noise variance and 7, is the number of time-steps, which is the
number of degrees of freedom in this case. As we are sampling each
second for a total of 10 h, the number of degrees of freedom n, =
36 000.

We can see that the x? value is small for the cases in which the
artificial source amplitudes are small compared to the Sun signal
amplitude. As the artificial source strengths increase, the fit gets
worse. This is because our analysis is based on the assumption that
the solar signal is the only dominant signal. As the strength of the
artificial sources increases, the assumption slowly breaks down. In
such cases, the largest eigenvalue starts to capture signal from the
artificial sources. When the artificial sources are larger than the Sun,
the largest eigenvalue provides the contribution from the artificial
sources and not the Sun. In such cases, we are essentially removing
the artificial sources and thus the x> grows quadratically.

In Fig. 26, we have plotted the same 2, where instead of dividing
by o2 we have divided by | Vo, |. Here, we can see that the x 2 is lowest
when the strength of the artificial source is about 40 per cent of the
Sun signal. When the source strength is small, the x? is dominated
by the noise and the x? is high. On the other hand, when the strength
of the artificial sources is high compared to the Sun contamination
as described before, the recovery gets worse.

6 DISCUSSION

While developing AlgoSCR, we explored multiple techniques and
came across various issues. Here, we discuss some of the points that
are important in the context of optimizing AlgoSCR.

In Section 4, we address the issue of removing the residual Sun
signal after subtraction of the largest eigenvalue. Here, we introduce
the concept of the multiplication factor g. This procedure raises the
question of what will happen if instead of filtering out just the largest
eigenvalue, we filter out a smooth component from the two largest
eigenvalues. We find that removing the two largest components after
smoothing, then the signal from the second largest component, which
includes some radio sources, also gets removed, i.e. we will be
removing the components from other radio sources and hence the
method will not work.

In Section 4.2, while choosing the gain values, g, we calculate
the gains at intervals of 15 min and then interpolate. We find that
the results are fairly insensitive to the choice of time interval (say,
10 min or 30 min), as is expected because the gain varies smoothly
throughout the day. However, if we choose a long time interval
(several hours) for setting the gains, then we expect the results to
worsen as the gain may change significantly in that time. However,
we have not simulated these cases.

Another important fact that came up during our analysis is that
the Sun removal algorithm works better with more baselines, i.e.
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are normalized by |V instead of o2, We can see that the 2 is lowest at about 40, indicating that the recovery is best when the amplitude of the source is about

40 per cent of the Sun signal.

if we use all 16 dishes from Tianlai instead of, say, 10 dishes,
then the effectiveness of the algorithm increases. Analysis with
fewer dishes increases the power leakage to other eigenvalues. The
exact reason behind this is not known, but it may happen as more
baselines reduce the effect of the noise in the eigendecomposi-
tion.

In addition, if we increase the integration time from 1 s to a
larger value, the results get worse, which may be due to the fact
that the Sun is not a point source. This is different from co-adding
the signal from multiple days, which is eventually what the Tianlai
array is designed to do. However, we have not tested the algorithm
on co-added signals yet.

Our analysis shows that AlgoSCR removes most of the solar
contamination during the day. However, it is just a first step. We
have not yet tested its effect on map-making and power spectrum
estimation. A critical next step is to make sure that AlgoSCR does
not affect the statistics of the maps. This can be checked by comparing
the HI power spectra and other statistical quantities from the maps
produced using only nighttime data and the maps produced using
the full day data after solar contamination removal. Such an analysis
requires foreground subtraction and map making and is outside the
scope of the present work.

MNRAS 512, 3520-3537 (2022)

7 CONCLUSION

In this paper, we present a way to separate out the solar contamination
from the daytime data observed by an interferometric radio array
using eigendecomposition techniques. The technique is primarily
based on the assumption that if the Sun signal is the dominant signal
in the sky, along with other weaker sources, and if the signals from the
different sources are not correlated, then in the eigendecomposition
of the visibility matrix, the largest eigenvalue is from the strongest
source, i.e. the Sun. The eigenvector corresponding to the largest
eigenvalue points in the direction of that source in the eigenspace.
The technique should filter out this largest eigenvalue while retaining
the signals from other sources in the sky.

However, antenna gain fluctuations, noise, sidelobe gain patterns,
ground reflection, thermal effects on the instruments and cables, and
crosstalk between antennas introduce mixing between the largest
eigenvalue and other smaller eigenvalues. For these reasons, singling
out and removing the Sun signal is not straightforward, and there is
some residual contamination from the Sun. Therefore, we apply some
novel techniques to remove the leftover Sun signal.

We have tested AlgoSCR in two ways. First, we compared the
visibilities obtained by cleaning observations made during sidereal
times when the Sun was up with observations made during those
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same sidereal times at night. We show that AlogSCR can reduce the
solar contamination by a factor of 95 percent. Secondly, we used
simulations to show that our algorithm is able to remove the solar
contamination without removing other, weaker sources in the sky.
We showed that the efficacy of the algorithm is maximum when
the amplitude of the external source is about the 40 per cent of the
solar contamination signal. The fraction of the removed background
signal remains significantly small when the external source strength
is within a range of 20 per cent to 65 per cent solar contamination.

To the best of our knowledge, this is the first published method
for removing solar contamination from radio interferometer data.
AlgoSCR can contribute to other ongoing and upcoming radio
interferometers for solar contamination removal.
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APPENDIX A: SUMMARY OF ALGOSCR

Here, we review the step-by-step procedure for Sun removal using
the algorithm described above.

(i) For this procedure to work, first we separate the visibility V into
the horizontal and vertical polarizations, V?#) and VOV, respectively.
If we do not separate the polarizations, the noise and crosstalk in the
same dish will give an additional large eigenvalue. The dimension
of V is 32 x 32, since we have 16 dual-polarization feeds. The
dimension of V) and V") will be 16 x 16.

(ii) Remove the nighttime mean from the visibility matrix V*:
V& = VO — (V) Lo Here, the average is over the time direction
for different frequency channels. This will remove the crosstalk
between the antennas.

(iii) Replace the autocorrelations by equation (7). In practice, if
the denominator, V}lX ;), is zero, we replace the term inside the sum
by a small number, such as 0.0001.

(iv) Perform an eigen-decomposition of V®):

V& = g(X)A(X)(g(X))fl. (A1)

(v) Foreach second of integration time, let the largest (normalized)
eigenvector corresponding to the largest eigenvalue, Ms’i?,w be 5;’8 vy

Now Sé)f,)‘v) is a vector containing n = 16 complex numbers. For
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fitting the smooth line through these vectors, we calculate the
tangents, T;Z)‘v) as:

€50, @]

X)
TS(t,u)(l) =
n X))\
Z_,‘:iH (”‘gs(;,u)(])”)

Viell,n—1]. (A2

(vi) For smoothing the tangents, TS()((,?V), along the time direction,
we apply a Butterworth low-pass filter to remove the high-frequency
signal. For our data set, the filter order is 2 and the —3 dB cutoff
frequency is 0.01 Hz. A O phase filtering is done by scipy’s
filtfilt function. Let the filtered (smoothed) tangents be Ts(f,) .

(vii) Convert the eigenvectors back to Cartesian coordinates. For
each second of integration time,

€55 @] = sin (tan™!(757,(0)

x Hcos(tan’l(fs(ii?v)(j))), Vie[l,n—1] (A3)
j=1
and
€5t =TT cos (tan™ (757,),,(1))- (Ad)
j=1

We then calculate the real and the imaginary parts of the eigenvectors
5(X) s 5(X) . X) - X) .
ES ) = |50 || [cos (857, ) + i sin (85, ()], (AS)

where 60 (1) = tan™! (3(E{0,)/ME,))-
(viii) The contribution to the visibility from the Sun is given by

(X) (X) 5(X) 5(X)
VS(r.v) = )\sa,v) (SS(t,v) ® ES(r,v))’ (A6)

éX) and

where ® denotes the outer product between eigenvector £
itself.

(ix) After removing the Sun contribution, the sky contribution to
the visibility is

X) _ yX (X)
Vg = VO — Vg

- X
— g(X)A(X)(g(X)) 1 _ Vg )’ (A7)

However, the above steps still leave some Sun signal contamination,
as shown in Fig. 14. To better remove this leftover Sun contamination,
we multiply the Sun signal in equation (A6) by a complex factor of
g =Ac?:

Vi = VO — AeV©. (A8)

(x) To find A and ¢, we divide the 10 h of daytime data into 36
intervals (1000 s each) and minimize the x? for each interval. Here,
we define the x? as

X =3 (VD — eV 1)
1,V
+ 3 (R[VE - AV 1) (A9)
v

The sum is done over all seconds in the chosen interval and frequency
700.625 MHz to 794.375 MHz. We do not sum the frequency
channels before 700 MHz and after 800 MHz, because we do not
want to include the edge of the band-pass filter. At the end of this
process, we have 36 [A, ¢] pairs.

(xi) We have 36 [A, ¢] pairs corresponding to thirty-six 1000-s
intervals in 10 h of daytime data. We use a cubic spline to interpolate
a [A, ¢] pair for each second in 10 h of daytime data.
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(xii) Subtract the corrected Sun signal:
H i H
V(Sk;(t,u) =V — Aint(:.u)€'¢'"‘("”)V(s(,),v). (A10)

This gives us the final solar contamination removed result, and the
results are shown in Fig. 17.

APPENDIX B: CALCULATING THE
ARTIFICIAL SOURCE VISIBILITIES

The visibilities of the artificial sources come from three made up
sources near the NCP. The three simulated sources are randomly
chosen to be at (RA, DEC) = (75.75,81.25), (79.5, 80.5), and
(245.0,79,75) with constant brightness temperatures across all ob-
served frequencies. We calculated the visibility for each frequency
in Tianlai’s 512 frequency bins (equally spaced between 685 MHz
and 810 MHz).

Each astronomical source exhibits a linearly varying phase with
time and frequency, since the visibility is proportional to e~ where
¢ is the fringe phase and is defined as

2mvb - s

@ =2mvT,(v, 1) = (B1)

74(v, 1) is the frequency-independent geometric delay and is equal
to

=3

- S

b,
(v, 1) = = jcosScos H(t)

w“‘

, b,
— 2 cos8sin H(t) + — siné, (B2)
c c

where § is the source declination, H(?) is the source hour angle
as a function of sidereal time, b = (b, by, b;) are the baseline
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Figure B1. Top: Combined visibilities of three artificial sources for baseline
[1H 3H], shown here for 10 h. Bottom: Mock observed simulated visibility
with those three artificial sources.
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components with units of length in the radial, eastern, and northern

polar directions, and s is the source vector. ¢ is the speed of light. We

can also calculate the fringe rates as follows:

d 2w

?f = Y b, sin H(t) + b, cos H(1)] cos 5. (B3)
c )

For each second of integration time and each frequency, the visibility

for dish i and j is calculated as follows

Vip =Y FeAs)e ™, (B4)
k=1

where F; is the flux of source k. In our simulations, we used three

Arg(V)

IvI
arbitrary unit

-n -n/2 0 n/2 n

Figure B2. The colour palette used to represent complex visibilities in this
paper is shown in this plot. The phase of the complex visibility is represented
by the hue and the magnitude is represented by the brightness. For more
details, see appendix A of (Wu et al. 2021).

AlgoSCR 3537
sources with F = (546, 170, 128) Jansky. A(s) is the gain of the
antenna in the direction of the source vector s. For simplicity, A(s),
the simulated main beam gain, is taken as a Gaussian distribution
with a standard deviation of 3° (FWHM = 7°), and we assume that
all three artificial sources fall within the main beam. Therefore, we
did not model the beam sidelobe gain. A(s) is also assumed to be
independent of frequency. In the real Tianlai Dish beam pattern, the
mainbeam (excluding the sidelobe) FWHM is about 5° (Wu et al.
2021). The simulated baselines are identical to the real Tianlai dish
array, and the procedure for calculating the visibility is repeated
for every baseline. The waterfall plots of the simulated visibilities
for a few typical baselines are shown in Fig. B1 using the same
representation of waterfall plots that is used throughout this paper
and is described in Fig. B2. As expected, longer baselines give higher
fringe rates, and for a given baseline, we see a faster fringe rate at
lower frequency.

This paper has been typeset from a TeX/IATEX file prepared by the author.
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