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ABSTRACT

Radio-frequency interference (RFI) is a major systematic limitation in radio astronomy, particularly for science cases requiring high
sensitivity, such as 21 cm cosmology. Traditionally, RFI is dealt with by identifying its signature in the dynamic spectra of visibility
data and flagging strongly affected regions. However, for RFI sources that do not occupy narrow regions in the time-frequency space,
such as persistent local RFI, modeling these sources could be essential to mitigating their impact. This paper introduces two methods
for detecting and characterizing local RFI sources from radio interferometric visibilities: matched filtering and maximum a posteriori
(MAP) imaging. These algorithms use the spherical wave equation to construct three-dimensional near-field image cubes of RFI inten-
sity from the visibilities. The matched filter algorithm can generate normalized maps by cross-correlating the expected contributions
from RFI sources with the observed visibilities, while the MAP method performs a regularized inversion of the visibility equation
in the near field to construct image cubes in physical units as a function of frequency. We developed a full polarization simulation
framework for RFI and demonstrated the methods on simulated observations of local RFI sources. The stability, speed, and errors
introduced by these algorithms were investigated, and, as a demonstration, the algorithms were applied to a subset of NenuFAR obser-
vations to perform spatial, spectral, and temporal characterization of two local RFI sources. We used simulations to assess the impact
of local RFI on images, the u3 plane, and cylindrical power spectra, and to quantify the level of bias introduced by the algorithms in
order to understand their implications for the estimated 21 cm power spectrum with radio interferometers. The near-field imaging and
simulation codes are publicly available in the Python library nfis.

Key words. instrumentation: interferometers – methods: data analysis – techniques: interferometric –
dark ages, reionization, first stars

1. Introduction
The mitigation of radio frequency interference (RFI) is a per-
sistent and growing challenge in radio astronomy. With the
⋆ Corresponding author: munshi@astro.rug.nl

emergence of the next generation of telescopes with wider band-
widths and increased sensitivities, the overlap of observing
spectral windows with bands affected by interference becomes
inevitable, and the need to address low-level RFI in radio
observations becomes even more crucial. The simultaneous
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technological advancement of the communication industry
brings with it increased contamination from terrestrial transmit-
ters, airplane communications (Gehlot et al. 2024), and swarms
of satellites in low-Earth orbits (Di Vruno et al. 2023; Grigg
et al. 2023; Bassa et al. 2024; Grigg et al. 2025; Zhang et al.
under review). The increasing density of RFI sources in tempo-
ral, spectral, and spatial domains makes it necessary to develop
and refine robust RFI mitigation strategies to preserve the max-
imum possible data integrity and enable science cases requiring
high-sensitivity measurements.

The growth of radio interferometry has been accompanied
by simultaneous progress in RFI mitigation techniques. While
pre-correlation mitigation approaches, such as using filters in the
front end targeting specific frequency bands and flagging raw
voltage streams at high time resolutions, are sometimes essen-
tial in harsh RFI environments (Baan et al. 2004; Niamsuwan
et al. 2005), post-correlation RFI detection and flagging are
still almost always necessary to improve data quality. These
methods primarily use RFI identification techniques in time-
frequency space followed by thresholding and flagging of data
points identified to be affected by RFI, both in imaging and
beamformed observations. This process can be performed man-
ually by inspecting dynamic spectra per baseline (Lane et al.
2005), but automated detection and flagging algorithms have
now become standard practice (Middelberg 2006; Offringa et al.
2010, 2012). Alternative statistical techniques for RFI detec-
tion use deviations from the expected exponential distribution
of the power spectral density to identify RFI-affected frequency
channels (Fridman 2001; Deshpande 2005; Nita et al. 2007;
Gary et al. 2010). Recently, there has been increasing interest
in machine learning methods that are trained to recognize com-
plex RFI patterns and automate flagging (Wolfaardt 2016; Akeret
et al. 2017; Mesarcik et al. 2022).

These RFI flagging techniques are optimal when the interfer-
ence occupies narrow volumes in time-frequency-baseline space.
Beyond simple detection and flagging, subtraction approaches
have been developed to isolate and remove RFI contribution.
For example, spatial filtering and subspace projection techniques
identify and null directions of the RFI source through beam-
forming and decompose the data into orthogonal components,
enabling the RFI to be isolated in one or more principal compo-
nents, which can be subtracted while preserving the astronomical
signals (Leshem et al. 2000; Ellingson & Hampson 2002; Kocz
et al. 2010). While effective for identifying and subtracting
persistent strong RFI, these approaches have the potential to
introduce a bias in the measurement of the signal of interest.
Modeling and subtraction is an alternative approach to RFI
removal, where detailed characterization of the RFI source is
performed and subtracted from the visibility data. This is par-
ticularly relevant for observatories suffering from persistent RFI
sources either near the array or from satellites in determinis-
tic trajectories. There have been several efforts to demonstrate
the subtraction of RFI utilizing the stationarity of ground-based
sources compared to the sky signal (Perley & Cornwell 2003;
Cornwell et al. 2004), which is difficult to implement for phase
centers located close to the celestial poles where even sky
sources are relatively stationary with respect to the array. Sev-
eral approaches to image in the near field have been explored
by Carter (1988), Cornwell (2004), Cornwell et al. (2004), Lazio
(2009), and Prabu et al. (2023) by performing a near-field refo-
cusing of the far-field equations. While these approaches require
a priori knowledge of the distance to the emitters and are ide-
ally suited for characterizing satellites in known trajectories,

there have been demonstrations of algorithms that can infer
the distance to the emitters from the data (Hu et al. 2023;
Ducharme & Pober 2025). RFI localization algorithms through
triangulation have been used extensively in remote sensing, and
such an algorithm was used in the context of 21 cm cosmol-
ogy with the Giant Metrewave Radio Telescope by Paciga et al.
(2011). Recently, a Bayesian approach to jointly model cali-
bration parameters and trajectories of satellite RFI in the near
field of interferometers has been developed and demonstrated by
Finlay et al. (2023, 2025).

The New Extension in Nançay Upgrading loFAR (NenuFAR:
Zarka et al. 2012, 2015, 2020) is a low-frequency radio interfer-
ometer located at the Nançay radio observatory in France, that
aims to detect the redshifted 21 cm signal from neutral hydro-
gen during cosmic dawn, the epoch when the first stars in the
Universe formed (Mertens et al. 2021). The main challenges in
21 cm cosmology analyses are the orders of magnitude brighter
foregrounds that obscure the faint background signal and addi-
tional systematics that prevent the thermal noise sensitivity of the
instrument from being reached. This imposes stringent calibra-
tion requirements and the need to address extremely low-level
RFI. Notable approaches to mitigate low-level systematics in
21 cm cosmology analyses include algorithms such as Sky-
Subtracted Incoherent Noise Spectra (SSINS; Wilensky et al.
2019, 2023), which can mitigate RFI below single baseline
noise levels, and approaches to mitigate instrumental coupling
between feeds through fringe rate filtering (Kern et al. 2019,
2020; Charles et al. 2023, 2024; Garsden et al. 2024). The first
analysis of NenuFAR data in the context of 21 cm cosmology
(Munshi et al. 2024, hereafter M24) identified that local RFI
sources near the core of the array contribute significantly to the
residuals in the data after foreground removal. In this paper, we
develop techniques to perform realistic near-field RFI simula-
tions and spatial, spectral, and temporal characterization of local
RFI sources. We demonstrate these techniques by characterizing
the local RFI sources in NenuFAR data and assessing the impact
of the RFI sources through simulations on images, the u3 plane,
and 21 cm power spectra. In a follow-up paper, these methods
will be applied to more data to assess their impact on improving
the 21 cm power spectrum limits derived with NenuFAR.

The paper is organized as follows. In Sect. 2, we describe
the near-field response of an interferometer. In Sect 3, we intro-
duce the near-field imaging techniques and demonstrate them on
simulated radio interferometric data. In Sect. 4, we apply the
methods to a subset of NenuFAR observations to perform spec-
tral and temporal characterization of two local RFI sources. In
Sect. 5, we use near-field simulations to understand the impact
of local RFI sources on far-field data such as the power spec-
trum, u3 plane, and images. In Sect. 6, we discuss the strengths
and limitations of the algorithms and future prospects.

2. Array response to near-field RFI sources

The boundary between the near and far fields for an instrument
of dimension D observing at a wavelength λ is typically defined
by the Fraunhofer distance (dF) given by dF = 2D2/λ. In this sec-
tion, we derive the far- and near-field visibility equations. While
the latter is valid for nearly all RFI sources, even those in low-
Earth orbits, the far-field visibility equation is used to assess the
impact of the presence of near-field RFI emission on traditional
far-field images and the 21 cm power spectrum when assuming
that all emission comes from the far field.
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2.1. Far-field visibilities

Astronomical sources lie in the far field of an interferometer,
and the wavefront from these sources can be approximated as
a plane wave. This is the basis of standard far-field interfero-
metric imaging, where the delay in the signals arriving at the
two stations constituting a baseline is proportional to the dot
product of the baseline vector (b) and the source (unit) vector
(ŝ) at frequency ν. The spatial coherence or visibility function
corresponding to a sky brightness matrix, I(ŝ, ν), measured by
a baseline, after applying geometric delay correction to a phase
center (p̂), can then be written as (Hamaker et al. 1996; Smirnov
2011; Thompson et al. 2017)

V(ν) = Gp

(∫
EpIEH

q exp
[
−

2πiν
c

(b · (ŝ − p̂))
]

dΩ
)

GH
q . (1)

Here parameters in uppercase boldface are Jones matrices;
dΩ is the differential solid angle on the unit sphere; Gp(ν)
and Ep(ŝ, ν) are the direction-independent (DI) and direction-
dependent (DD) gains, respectively, for the p-th station; and
the superscript H indicates a Hermitian transpose. The DI gains
are corrected in the visibility data through calibration against a
known sky model. The main contributor toward the DD gains
is the instrumental primary beam, which is often, to first order,
considered to have the same functional form for all stations for
an array composed of stations with the same configuration. Then
the term EpIEH

q can be approximated as an apparent intensity
distribution seen by the array given by I′(ŝ, ν) = EIEH . Consid-
ering a three-dimensional (3D) coordinate system with the third
axis pointing along the phase center, with the baseline coordi-
nates given by b = (U,V,W), in physical units, and the source
coordinates given by ŝ = (l,m, n =

√
1 − l2 − m2), the visibility

function reduces to

V(ν) =
"

l,m

1
n

I′(l,m, n, ν) exp
[
−

2πiν
c

(Ul + Vm +W(n − 1))
]

dldm.

(2)

For instruments with small fields of view where the flat
sky approximation (l,m << 1) holds, this reduces to a two-
dimensional (2D) Fourier relation between the visibilities in the
u3 plane and the sky (l,m) plane given by

V(u, 3, ν) =
"

l,m
I′(l,m, ν) exp [−2πi (ul + 3m)] dldm, (3)

where u = Uν/c and 3 = Vν/c.

2.2. Near-field visibilities

Most terrestrial RFI sources fall in the near-field regime of radio
interferometers where a plane wave approximation is not valid.
For example, even NenuFAR, which is an extreme case of a
compact interferometer at low frequencies, has dF >> 2000 km
at ν = 60 MHz, which means that satellites in low-Earth orbits
would be in the near field of the instrument. The spatial depen-
dence of the electric field at a location r due to an RFI emitter
at r′ can be described using the Green’s function G(r, r′) cor-
responding to the 3D inhomogeneous Helmholtz equation with
a delta function source term (e.g., Colton et al. 1998). For each
frequency, the Green’s function in free space is a spherical wave
of the form

Gν
(
r, r′

)
=

exp
(

2πiν
c |r − r′|

)
|r − r′|

. (4)

Consider a field of emitters with spectral power density distri-
bution (in units of Watt Hz−1m−3) given by Pd(r′, ν). The DI
calibrated visibility measured on a baseline b formed by two
stations located at rp and rq after geometric phasing to the
phase center p̂ is obtained by cross-correlating the electric fields
received by the p-th and q-th elements, and is given by

Vpq(ν) =
∫ EpEH

q Pd(r′, ν)exp
[
− 2πiν

c

(
|rp − r′| − |rq − r′| − b · p̂

)]
|rp − r′||rq − r′|

d3r′.

(5)

In the near field, Ep depends on the direction of r′ − rp and the
assumption Ep = Eq does not hold in general even for identical
stations. Here, the RFI emitters are assumed to be unpolarized
and isotropic. Additionally, it has been assumed that the electric
field propagation near the plane of the array is not affected by
the array itself. Though all these assumptions are likely to break
down in reality, the techniques developed in this paper using
these assumptions work well for NenuFAR data as shown later
in the paper1. Both polarization and propagation effects could,
in principle, be included in the formalism, but this is beyond the
scope of the current paper. Under the current assumptions, the
measured visibility coherence matrix gets its polarization state
solely due to instrumental polarization. Assuming a distribution
of N isotropic emitters with spectral powers given by P(ri, ν), the
equation can be discretized to

Vpq(ν)=
N∑

i=1

EpiEH
qiP(ri, ν)

dp(ri)dq(ri)
exp

[
−

2πiν
c

(
dp(ri) − dq(ri) − b · p̂

)]
.

(6)

Here dp(ri) = |ri − rp| is the distance between the RFI source
located at ri and the p-th interferometric element located at rp.
The geometric delay is proportional to the physical path differ-
ence given by dp(ri)− dq(ri), and the spherical wave propagation
induces a free space attenuation of the received flux correspond-
ing to an inverse square law. Equation (6) cannot be simplified to
a 2D Fourier relation, since the phase cannot be cast in the form
of a dot product between spatial locations of the RFI sources (ri)
and a combination of the station coordinates rp and rq. Through-
out most of the remainder of this paper, we assume that Eq. (6)
describes the visibilities of near-field RFI sources under the con-
ditions stated above (i.e., isotropic unpolarized emitters and no
propagation effects).

3. Near-field imaging

In this section, we present methods for generating maps of local
RFI sources from radio interferometric visibilities, using the
spherical wave propagation equations described previously. We
explore two alternative algorithms for constructing near-field
images, each with distinct advantages and trade-offs in terms of
performance in low signal-to-noise ratio (S/N) conditions, model
accuracy, and computational efficiency.

1 This is possibly because, even if the emitters are linearly polarized
with a vertical component, most receiving dipoles lie along the ground
plane and receive the horizontal component parallel to the ground. The
P(r′, ν) then corresponds to the horizontal component of the incoming
radiation.
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3.1. Simulations

To demonstrate and assess the performance of the two near-
field imaging methods, we performed simulations of local RFI
sources in the context of NenuFAR. The visibility contributions
from local RFI sources can be simulated on radio interferometric
measurement sets using Eq. (6). The exact response of a base-
line to the RFI source will depend on the radiation patterns and
orientations of the individual dipoles measuring the X and Y
polarizations. Let R(la, θ, ν) be the radiation pattern for a dipole
where la is the dipole vector for the ath feed and θ is the angle
between the vectors la and r′ − rp. For simplicity, in our sim-
ulations, we assume unpolarized isotropic RFI emitters and the
receiving antennas to be composed of infinitesimal dipoles with
a sin θ radiation pattern. The DD Jones matrix for the pth station
is then given by

Epi =

[
R(lx, θpxi, ν) 0

0 R(ly, θpyi, ν)

]
=

[
sin(θpxi) 0

0 sin(θpyi)

]
. (7)

Using this configuration, visibilities for synthesis observations
of the north celestial pole (NCP) field with the NenuFAR station
configuration were simulated on existing measurement sets. We
note that the attenuation of RFI flux due to time and frequency
smearing effects has not been considered in our simulations.

3.2. Matched filter imaging

Although Eq. (6) cannot be cast into a direct 2D Fourier trans-
form equation, the distribution of RFI sources located on a grid
in the near field of the instrument can be identified by comparing
their expected contribution with the observed visibilities. This
matched filter approach was first demonstrated on NenuFAR data
by Smeenk (2020) and is further developed here using a mathe-
matical framework and simulations to examine its implications.
This method essentially produces spatial dirty image cubes in the
near field of the array.

We consider a 3D grid of size Nx × Ny × Nz = Ng with coor-
dinates (x, y, z) in physical space relative to the array. It should
be noted that, ideally, the grid cell size must be of the order of
λ/2 (= 2.5 m at 60 MHz) or smaller to make sure that resid-
ual phase due to a source away from a grid point does not
decorrelate the signal. However, for phased arrays, the individ-
ual stations are typically much larger than λ, and the antennas
placed across the extent of stations are phased toward the point-
ing direction, and their voltages are added before correlation,
resulting in loss of spatial information at scales smaller than
the station sizes. In the case of NenuFAR, the stations are 22 m
across, but we consider the centroid of an individual station as
its location. Thus, not accounting for the phase at each antenna
ignores the array factor for both stations of the baseline under
consideration, leading to errors in the calculation of the phase for
a given baseline. We incorporate this effect into a baseline and
source-dependent gain term Gpq(x, y, z) with |Gpq(x, y, z)| = 1
and ⟨Gpq(x, y, z)⟩bl → 0, where ⟨. . . ⟩bl denotes an average over
baselines. This effect is discussed in more detail in Sect. 3.2.3
and Appendix A, where we demonstrate the impact of these
gains on simulated and observed data. For brevity, we denote
the distance terms dp(xi, yi, zi) and the gain terms Gpq(xi, yi, zi)
as dpi and Gpqi respectively, reducing Eq. (6) to

Vpq(ν, t) =
Ng∑
i=1

EpiEH
qiP(xi, yi, zi, ν)

dpidqi
Gpqi

× exp
[
−

2πiν
c

(
dpi − dqi −Wpq(t)

)]
. (8)

A method to recover the near-field map through the matched
filter approach consists of the following steps:
1. Apply the inverse of the geometric phase (e−2πiνWpq(t)/c) to

the observed visibilities, which effectively phases the data
toward the zenith in the far field.

2. Average these data in time to smear out contributions from
astronomical sources except those near the celestial poles.

3. For each point in the chosen grid, cross-correlate the
expected near-field phase with the observed visibilities. This
is the matched filter operation and ensures that only contri-
butions from grid points with RFI sources add up coherently
in the subsequent step.

4. Average the phased data along the frequency, compute the
absolute value and average along the baselines.

The W coordinate for an NCP phase center is practically fixed
in time, thus avoiding decorrelating the RFI source while phas-
ing due to time or frequency averaging. For other phase centers,
the data need to be at sufficient time and frequency resolution
to avoid smearing while phasing back to the zenith. This con-
dition is usually met for low frequencies at which NenuFAR
operates. The sequence of operations in step (4) is chosen due
to the presence of the Gpqi term, and the necessity of these steps
is discussed in Sect. 3.2.3. Next, we describe how this sequence
of steps can provide a spatial heatmap of local RFI sources.

3.2.1. Creating a 3D near-field dirty image cube

We consider two grid points: grid point a, where an RFI source is
present, and grid point b, which represents any other grid point
that is dominated by noise. The contributions from the visibil-
ities at grid points a and b after steps 1, 2, and 3 are given
by

Va
pq(ν) =

EpaEH
qaP(ν)Gpqa

dpadqa
,

Vb
pq(ν) =

EpbEH
qbP(ν)Gpqb

dpbdqb
× exp

[
−2πiν

c
∆dpqab

]
.

Here ∆dpqab = (dpa − dpb)− (dqa − dqb) , 0 in general. Averaging
these contributions along frequency for both grid points gives

⟨Va
pq(ν)⟩ν =

EpaEH
qa⟨P(ν)⟩νGpqa

dpadqa
,

⟨Vb
pq(ν)⟩ν =

GpqbEpbEH
qb

dpbdqb
×

〈
P(ν)exp

[
−

2πiν
c
∆dpqab

]〉
ν

≈ 0.

We note that here we assume that the DD Jones matrices vary
slowly along the frequency. The subsequent steps of computing
the absolute value and baseline averaging result in

〈
|⟨Va

pq(ν)⟩ν|
〉

bl = ⟨P(ν)⟩ν

〈
|EpaEH

qaGpqa|

dpadqa

〉
bl
,〈

|⟨Vb
pq(ν)⟩ν|

〉
bl ≈ 0.

Thus, the effective power measured at a grid point that has an
RFI source is the averaged spectral power over frequency multi-
plied by a factor that depends on the location of the grid point
and all the baseline locations. So, while the maps produced in
this way will, in general, have a non-zero effective power at the
grid points near RFI sources, they will not have physical units
that intrinsically describe the RFI source. Additionally, the fre-
quency behavior is lost due to the necessity of performing the
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Fig. 1. Near-field images of simulated datasets, constructed using the matched filter technique. The left panel shows the effect of instrumental
polarization on the near-field images estimated per correlation. The gray dots indicate the locations of NenuFAR core stations, and the white
hollow triangles indicate the locations of the three buildings within NenuFAR. The right panel shows images made at different heights above the
ground.

frequency averaging operation. We note that this way of con-
structing spatial near-field image cubes is analogous to far-field
dirty images created by gridding and Fourier transforming visi-
bilities. As in standard far-field imaging, the imaging done over
a finite volume could miss RFI sources outside the reconstructed
volume, although their sidelobes will leak into the cube. Unlike
the finite unit sphere in far-field imaging, here, the volume that
needs reconstruction should, in principle, be as large as the half-
sphere volume of radius dF, outside which the RFI is in the far
field. Reconstructing such large volumes in general is not needed
and is currently also not feasible.

3.2.2. Application to simulated data

We used Eq. (6) to simulate visibilities to test the performance
of the matched filter imaging. The dataset consists of two RFI
sources located near the ground at a height defined by the aver-
age elevation of the NenuFAR core stations. The first source is
located near the electronic containers within the NenuFAR core,
and the other is located near the northeast of the core. This model
is motivated by real NenuFAR observations. The image cubes
were constructed on a 100× 100× 4 grid in the XYZ space, with
grid resolutions of 6 m in X and Y directions, and 33 m in the Z
direction. This resolution was sufficient to sample the 3D point
spread function (PSF) of the RFI sources.

The left panel of Fig. 1 shows the effect of instrumental
polarization in near-field images constructed using the matched
filter approach. Here, the images were created separately for the
different elements of the visibility coherence matrix. We see that
the central source (hereafter source 1) has the highest ampli-
tude in XX and the least in YY. The situation is reversed for the
source in the northeast (hereafter source 2), which has higher
amplitudes in YY polarization. The reason is that the X dipoles
are oriented in the southwest to northeast direction, while the Y
dipoles are oriented southeast to northwest. Since the majority
of NenuFAR stations are located to the northwest of source 1,
the reception patterns of the X dipoles are more sensitive to

it, while the Y dipoles pick up source 2 more strongly. This
is verified in Sect. 4.1, where images made from actual Nen-
uFAR data are seen to reproduce these signatures. The right
panel of Fig. 1 shows the near-field images constructed at dif-
ferent heights above the ground. The images pick up the sources
most strongly at Z = 0 since the input location of the source is
at the average elevation of the antennas. We verified that if the
simulations are performed with the RFI sources located above
the ground, the matched filter method recovers the source most
strongly at the plane closest to the input height. However, the
lack of antennas above the ground makes it more difficult to con-
strain the location of the RFI precisely in the vertical direction,
and we see a significant contribution from the RFI source even
at Z = 100 m.

It is important to note that the 3D PSF of the image cube is
strongly spatially dependent on the location of the source with
respect to the array. The locations of RFI sources within the core
are better constrained by the information in the visibilities, lead-
ing to sharper and more defined PSFs. For sources toward the
edge of the array, the constraints are less strong in the radial
direction, leading to radially extended PSFs. More specifically,
the hyperbolic shape of the PSF for sources near the edge is
because, given a baseline, the delay in the visibilities is the only
information used by the matched filter method in constructing
the image. Now, the set of possible locations for the RFI source,
where the difference in its distances to the two stations equals the
product of the delay value and c, forms a hyperbola with the two
stations as its foci. This creates uncertainty in the location of the
RFI sources along the hyperbola for a given baseline. The PSF
captures the uncertainty in the location when such information
from multiple baselines (i.e., multiple hyperbolas with different
orientations) is combined. For RFI sources near the edge of the
array, the hyperbolas corresponding to most baselines will point
in the radial direction leading to radially extended PSFs, while
for sources within the core, the location can be constrained better
since the effects of radial extension per baseline is averaged out
over many directions leading to a more symmetric PSF.
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3.2.3. Necessity of the sequence of steps

The matched filter method used a specific sequence of steps
described in Sect. 3.2.1, such as frequency averaging and com-
puting the absolute value followed by baseline averaging. Omit-
ting the absolute value step before baseline averaging leads
to

〈
⟨Va

pq(ν)⟩ν
〉

bl = ⟨P(ν)⟩ν

〈EpaEH
qaGpqa

dpadqa

〉
bl
≈ 0;

〈
⟨Vb

pq(ν)⟩ν
〉

bl ≈ 0.

Thus, even grid points where the RFI source is present have
near-zero values due to the Gpqa term, which can take both pos-
itive and negative values. Alternatively, omitting the frequency
averaging step leads to

⟨|Va
pq(ν)|⟩bl =

〈
|P(ν)EpaEH

qa|

dpadqa

〉
bl

; ⟨|Vb
pq(ν)|⟩bl =

〈
|P(ν)EpbEH

qb|

dpbdqb

〉
bl
.

This results in near-field maps with positive, nearly constant
amplitude in all voxels. Both these effects were observed in
matched filter near-field images made using the corresponding
sequence of steps mentioned above.

The natural approach in matched filter imaging should be to
omit both steps and just perform a baseline averaging after phas-
ing. This is essentially the same as a Fourier transform operation
used in far-field interferometric imaging. However, this results in

⟨Va
pq(ν)⟩bl = P(ν)

〈EpaEH
qaGpqa

dpadqa

〉
bl
≈ 0,

⟨Vb
pq(ν)⟩bl = P(ν)

〈EpbEH
qbGpqb

dpbdqb
× exp

[
−2πiν

c
∆dpqab

]〉
bl
≈ 0.

Here, we again get near zero values at both grid points containing
RFI sources and those dominated by noise. We note that if the
Gpqi term was not present, only the contribution at grid point
b would approach zero (in the limiting case of a large num-
ber of non-redundant baselines). However, in the presence of
baseline and source-dependent gains that are caused by using
a coarse grid or because of not accounting for the array fac-
tor, this approach produces images with very low amplitudes.
In Appendix A, we demonstrate this effect on simulated and
observed data.

3.2.4. Limitations

Although matched filtering is fast and enables quick identi-
fication of RFI-source locations, even for large numbers of
visibilities taken over long integration times, there are two
primary limitations of the method to provide comprehensive
models of the identified RFI sources. Firstly, the matched fil-
ter operation does not correct for attenuation due to spherical
wave propagation for each baseline-voxel pair and only ensures
phase alignment2. As a result, the maps cannot be converted to
physical units necessary for building a model. It is worth noting
that traditional far-field Fourier imaging is essentially a matched
filter operation, but in that case, plane wave propagation does
not involve amplitude attenuation, enabling the dirty image to be

2 If the attenuation factor is artificially corrected for each voxel during
imaging, the produced maps have high amplitudes near the edge of the
image away from the stations where the distances between the voxels
and all stations are very large.

reconstructed in the physical units of the calibrated visibilities.
Secondly, the matched filter implementation used in this study
requires a frequency averaging step to down-weight contribu-
tions from voxels where RFI sources are not present. Ideally, this
averaging should be performed over baselines after correcting for
the expected near-field phase at each voxel. However, in practice,
the physical extent of the stations limits the spatial resolution at
which phases can be predicted, leading to phase errors that aver-
age out to zero over a large number of baselines. The effect of
the phase errors is demonstrated in Appendix A on simulated
and observed data. To account for this, we included a baseline
and source-dependent gain term in the formalism, which neces-
sitates the frequency averaging approach instead. However, this
results in a loss of spectral information, which is crucial for fully
characterizing the RFI sources.

3.3. Maximum a posteriori imaging

An alternative approach for near-field imaging from visibilities is
to perform a maximum a posteriori (MAP) inversion of the near-
field equation (Eq. (6)) to recover the spectral powers at a set of
physical locations. Here, we ignore polarization effects, and the
effect of this assumption is investigated later in this section. Sim-
ilar to matched filter imaging, as a first step, the visibilities from
Eq. (6) can be phased to the zenith in the far field by applying
the inverse of the W term, followed by time averaging to aver-
age out contributions from astronomical sources. The visibilities
corresponding to a single element of the coherence matrix are
then given by

Vk(ν) =
∑

i

Mki(ν) × Pi(ν),where Mki =
exp

[
− 2πiν

c (dpi − dqi)
]

dpidqi
.

(9)

Here, k is a compound index of pq, which runs over all Nbl base-
lines. The independent information from both the amplitude and
phase can then be used to solve for the (real) power values by
solving the system of equations for the real and imaginary parts
together. This effectively recasts the equation into the form

R[V1(ν)]
...

R[VNbl (ν)]
I[V1(ν)]
...

I[VNbl (ν)]


=



R[M00(ν)] · · · R[M0Ng (ν)]
...

. . .
...

R[MNbl0(ν)] · · · R[MNblNg (ν)]
I[M00(ν)] · · · I[M0Ng (ν)]
...

. . .
...

I[MNbl0(ν)] · · · I[MNblNg (ν)]




P1(ν)
...

PNg (ν)

 ,

or, v2Nbl×1 =M2Nbl×NgpNg×1. (10)

Here, R and I indicate real and imaginary parts, respectively.
The system of equations is overconstrained if 2Nbl > Ng and
can be solved in a Bayesian framework. If instead 2Nbl < Ng,
Nset frequency channels can be appended along the rows of the
v and M matrices separately for the real and imaginary parts,
under the assumption that the power is similar across these set
of channels. The vector v and matrix M can then have dimen-
sions of 2NblNset × 1 and 2NblNset × Ng respectively, such that
2NblNset > Ng is satisfied. Defining nNg×1 as the instrumen-
tal noise vector, the linear system of equations for each set of
frequency channels can be written as

v =Mp + n,where n ∼ N(0,Σ), (11)
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Fig. 2. Images and spectra obtained from the MAP near-field imaging on simulated data. The leftmost column shows the exact case where the
instrumental polarization is accounted for in the inversion. The next two columns show the inexact case corresponding to simulated data containing
both off-grid and polarization-induced errors for Tikhonov and Laplacian regularization at ρ = 1.3 × 10−3 and 4.3 × 10−3, respectively. The top
panels show the frequency-averaged images, and the bottom panels show the relative errors in the spectrum recovery for the three cases. The
spectrum errors for the non-optimal ρ values are shown in faded colors.

where Σ is the noise covariance matrix, which we assume to be a
diagonal matrix such that Σ = σ2I, σ2 being the noise variance
and I being the identity matrix. For unstable inversion prob-
lems where the matrix MT M is ill-conditioned, the stability can
be improved by including a prior in the inversion using a reg-
ularization matrix R. Assuming Gaussian likelihood and prior
functions, the log-posterior is then given by

logP(p) = −
1
2

(v −Mp)TΣ−1(v −Mp) −
ρ2

2
(pT RT Rp) + const.

(12)

Here, ρ is a regularization parameter that controls the strength
of regularization. The MAP estimate of p, given by p̂, is equiv-
alent to a regularized least squares solution for a diagonal noise
covariance and is given by

p̂ =
(
MTΣ−1M + ρ2RT R

)−1
MTΣ−1v =

(
MT M + ρ2RT R

)−1
MT v,

= min
p

(
∥v −Mp∥2 + ρ2∥Rp∥2

)
3. (13)

We used the scipy.linalg.lstsq function to estimate
the power values (Virtanen et al. 2020). The routine employs
the gelsd algorithm, which solves the least squares problem
using singular value decomposition (SVD). In our case, the ρR
is appended to the matrix M along the rows, a zero vector is
appended to v, and the augmented system is solved using SVD,
yielding the regularized solution.

3 Here σ is absorbed into ρ.

3.3.1. Application to simulated data

Similar to Sect. 3.2.2, we used Eq. (6) to simulate visibilities
for two RFI sources. The spectrum of the input RFI sources is
assumed to be flat for simplicity, with a power of 10−26W Hz−1.
We tested two types of regularization to stabilize the solution:
Tikhonov and Laplacian regularization (Tikhonov & Arsenin
1977; Belkin & Niyogi 2003). For Tikhonov regularization,
R = I. Thus, it adds a penalty term proportional to the 2-norm
of the solution vector and penalizes solutions deviating signifi-
cantly from zero. Laplacian regularization penalizes differences
between neighboring pixels in the solution, thereby encourag-
ing spatial smoothness. For an n-dimensional spatial grid, we
set R = L, where the Laplacian matrix L corresponding to the
flattened solution vector containing Ng grid points is given by

Li,i′ =


+2n, if i = i′,
−1, if i, i′ are neighbors in the grid,
0, otherwise.

(14)

Even without noise, there are errors introduced at two stages
which makes the model deviate from the simulated v result-
ing in an inexact inversion problem, and least squares inversion
becomes necessary to find the solution corresponding to the pro-
jection of the observed visibility vector in the range space of M.
The first deviation occurs when the simulated sources do not lie
exactly on a grid point of the grid used in the image recovery. The
second deviation arises when the visibilities are predicted using
the instrumental polarization pattern imprinted into them, but the
inversion is independently done per polarization component.
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Fig. 3. Optimal regularization parameters for image and spectrum recovery in MAP near-field imaging. The image recovery metric (left panel), the
spectrum recovery metric (middle panel), and the log evidence (right panel) are shown as a function of ρ for Tikhonov and Laplacian regularization
for both off-grid and polarization-induced errors. The ρmax corresponding to the peak values are indicated with blue arrows, except for the spectrum
recovery metric for Laplacian regularization where a clear peak is not present.

We first tested the inversion for the exact case where the
source locations in the simulated data lie exactly on two of the
grid points used in the grid model during recovery. The instru-
mental polarization effect is accounted for by modifying M to
include the product of the DD Jones matrices EpiEH

qi for each
(2k, i) index. The leftmost panel in Fig. 2 shows the recovered
image in this exact case (without regularization), and the two
delta functions at the locations of the two input sources are
recovered accurately. The bottom panel shows that the recov-
ered spectra at the source locations have floating point errors of
the order of 10−7. We note that this inclusion of the DD Jones
matrices within M in the current configuration of a grid near
the array cannot be done in data where there is a contribution
from astronomical sources, since the included Jones matrices are
not meaningful for the projected flux of far-field sources on the
assumed grid. However, if the imaging is performed on a grid
extending until dF, it is, in principle, possible to use DD Jones
matrices that will reduce to those for astronomical sources in the
far field limit.

For the inexact case, when the inversion is performed without
regularization, the recovered images have large deviations from
the input source distribution, with high values in pixels near the
edge of the image. This makes it necessary to perform a regu-
larized inversion. To find the optimal value (ρmax) where both
the off-grid and polarization-induced errors are minimized, we
tested the performance of Tikhonov and Laplacian regularization
over a range of ρ values. The MAP inversion was performed on a
two-dimensional grid of 50 × 50 grid points such that 2Nbl > Ng
is comfortably valid (Nbl = 3081), and the inversion can be per-
formed per frequency channel. We assume the grid to be located
on the ground, with a resolution of 8 m. To assess the imaging
accuracy as a function of ρ, we define a metric that calculates the
normalized cross-correlation of the frequency-averaged recov-
ered image against an input image that assumes a sinc response.
We note that this is not the ideal metric since a sinc response
would only be exact for a Fourier relation. A better metric for
image recovery, based on the Bayesian evidence, is discussed
later in this section. Spectra were estimated in a 16 × 16 grid
point box around each source. The spectrum recovery metric
is defined as one minus the standard deviation of the fractional
difference between the recovered and input spectrum. It should

be noted that regularization often suppresses the values of the
solution vector, because it acts as a prior on the solution vector
that prefers values that are zero or constant4. Thus, the overall
factor is corrected for in spectrum estimation before computing
the errors. For both Tikhonov and Laplacian regularization, we
repeated the imaging for a range of ρ values on visibilities corre-
sponding to both off-grid errors, where the input source does not
lie at a grid point of the chosen grid for recovery, and polariza-
tion errors, where the input visibilities contain the instrumental
polarization effect but the inversion is performed from Stokes I
visibilities. We performed a similar exercise on Stokes V data,
which gave similar results. The results are shown in the left
and middle panels of Fig. 3. The image recovery metric peaks
close to a value of ρ = 2 × 10−3 for both off-grid and polar-
ization errors for Tikhonov regularization while for Laplacian
regularization, the corresponding values are ρ = 4 × 10−3 and
ρ = 2 × 10−2. However, in spectrum recovery, though Tikhonov
regularization improves the metric in the ρ range of 10−3 − 10−2

where the fractional error is less than 4.5%, Laplacian regular-
ization significantly increases the errors beyond ρ = 10−4. Thus,
since the regularization is performed spatially, the recovered
image values for different frequencies can vary considerably,
leading to large errors in estimated spectra.

Alternatively, we can estimate a Bayesian solution for ρ itself
by maximizing the evidence over a range of ρ values. Following
Suyu et al. (2006) and Ghosh et al. (2015), the log evidence for
the regularized solution can be written as

log P(v| ρ,R) = − ρ2ES (pρ) − ED(pρ) −
1
2

log(det A) + Ng log ρ

−
1
2

log(det A) −
Nbl

2
log(2π), (15)

where ES (pρ) = ||Rpρ||2, ED(pρ) = ||Mpρ − v||2, and A =
∇∇(ED + ρ

2ES ) is the Hessian matrix. We computed the log evi-
dence values for both Laplacian and Tikhonov regularization.
The results, shown in the right panel of Fig. 3, account for both
off-grid and polarization-induced errors in v. We verified that

4 For Tikhonov regularization, the factor ≈ei/(ei + ρ) where ei is the
i-th eigenvalue of MT M.
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when either off-grid errors or polarization errors were present,
the results remained consistent. The log evidence peaks at simi-
lar values to those observed in the image and spectrum recovery
metrics for both regularization methods. Tikhonov regulariza-
tion has higher values of the evidence compared to Laplacian
regularization over the entire range of ρ, indicating the suitability
of Tikhonov regularization for this problem.

The frequency-averaged images for data containing both off-
grid and polarization errors, corresponding to the ρ = 1.3× 10−3

for Tikhonov and ρ = 4.3 × 10−3 for Laplacian regularization,
are shown in the middle and right panels of Fig. 2. The contours
at 5% (for Tikhonov) and 20% (for Laplacian) of the peak pow-
ers are indicated in white curves. While Laplacian regularization
yields spatially smoother power distributions, the corresponding
spectra have very large errors. We note that the matrix R corre-
sponds to the inverse of the prior covariance matrix of the power
distribution p (Vernardos & Koopmans 2022). Since the input
field is a set of delta functions or compact sources, their expected
power spectrum is flat, and the corresponding two-point corre-
lation function is a delta function. Hence, one would expect, a
priori, that a Tikhonov regularization scheme would outperform
those that prefer smooth solutions since the identity matrix is the
inverse of a covariance matrix corresponding to a delta function
correlation function.

The stability of the algorithm for both Tikhonov and Lapla-
cian regularization as a function of ρ is described by the
condition number, which is the ratio of the largest to the small-
est singular value in the SVD. This is calculated from the output
of scipy.linalg.lstsq and is shown in the top-left panel of
Fig. 4. We find that while for Tikhonov regularization, the sta-
bility continues to improve with regularization, for Laplacian
regularization, if we go beyond ρ = 10−2, the stability starts
decreasing as the condition number increases. The top-right
panel in Fig. 4 shows the residuals in the least squares inversion
given by the 2-norm in Eq. (13) that is minimized. The resid-
uals increase with the strength of regularization but are always
higher for Laplacian compared to Tikhonov. The bottom panel
of Fig. 4 compares the computational cost of the matched filter
and MAP imaging methods as a function of grid size (N =

√
Ng)

for a 2D square grid. We note that these results are for a single
frequency channel, and multiple frequency channels could, in
principle, be solved jointly given sufficient memory availability.
The MAP method is slower by more than an order of magni-
tude compared to the matched filter algorithm. A straight line is
fitted in log space to the last six data points in both curves to
determine the computational cost at large N. The matched filter
imaging has a computational cost of O(N2), which is what we
expect from performing the matched filter operation on N2 grid
points. The MAP inversion has a much higher computational
cost of O(N3.4), making it computationally infeasible for large
grid sizes. The two algorithms could be used in conjunction to
build effective RFI models, with the matched filter method used
to identify RFI sources and the MAP method used to perform
detailed spatial and spectral characterizations on smaller grids
constructed near the source locations (see Appendix B).

3.3.2. Limitations

The current implementation of the MAP imaging has a few lim-
itations. Firstly, although the inversion can be performed for the
full polarization as demonstrated earlier, this is not feasible in
actual data since the polarization effect that is included in the
M during inversion is only correct for sources on the ground
and power from sky sources will be scaled by incorrect factors.

Fig. 4. Stability and computational cost of the MAP and matched fil-
ter imaging algorithms. The top-left panel shows the condition number,
and the top-right panel shows the least squares residuals from the MAP
algorithm for both regularization schemes as a function of ρ and fre-
quency. The bottom panel illustrates the computational cost of the MAP
and matched filter imaging algorithms. The dashed lines indicate the
least squares fit to the last six data points in log-log space.

Thus, in actual data, the inversion needs to be performed per
polarization, possibly in Stokes V, where the data are less biased
by emission from sky sources. An alternative approach would
be to include far-field sources in the model and solve simulta-
neously for local RFI sources and astronomical sources, but this
is left for future work. Secondly, the assumption that the shape
of the recovered spectrum will not be affected by the polariza-
tion component on which the inversion is performed hinges on
the fact that the spectrum shape measured by the dipoles does
not depend on the direction of the incoming wavefront along the
ground. This is only exactly correct for an infinitesimal dipole,
and in practice, the shape of the spectrum will be dependent on
the direction (see Appendix C). Still, for small bandwidth-to-
central-frequency ratios where the dependence of the shape of
the spectrum on the direction is relatively weak, the recovered
spectrum shapes can be assumed to be constant across polariza-
tion, even for dipoles with a physical extent. There is always an
overall scaling factor that is accrued, but that only depends on
the geometry of the array and can be estimated through a sepa-
rate cycle of simulation and recovery, as demonstrated in Sect. 5.
Thirdly, the systematic errors in the spectrum recovery are at
≈5%, which will limit the extent to which these spectra can be
used to subtract the RFI power from visibilities through a direct
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prediction. We investigate this in more detail through simulations
in Sect. 5.2.

4. Local RFI sources near NenuFAR

In this section, we perform a detailed characterization of
local RFI sources in the vicinity of NenuFAR from a subset
of NenuFAR observations of the NCP field. The two local
RFI sources identified by M24 were determined to be one of
the causes of the strong excess variance seen in the data after
foreground subtraction. The analysis by M24 adopted a simple
approach of identifying and flagging entire baselines that were
most affected by the RFI. However, the unflagged baselines
continue to exhibit low-level RFI contamination and contribute
to the excess variance, limiting the ability to constrain the
21 cm signal. In this section, we perform a detailed spatial,
spectral, and temporal characterization of the local RFI sources
in and around NenuFAR, using the algorithms developed in the
previous section.

4.1. Near-field imaging

To demonstrate the imaging techniques developed in the previ-
ous sections on actual NenuFAR observations, we used a 52 min
subset of the same data as that used by M24, which is less
affected by the flux from strong A-team sources than other
time intervals. The preprocessing and DD calibration-based sky-
model subtraction performed to subtract Cygnus A, Cassiopeia A
(Cas A), Taurus A, Virgo A, and sources in the NCP field above
the confusion noise limit is described by M24.

4.1.1. Matched filter imaging

We first applied the matched filter technique to NenuFAR obser-
vations of the NCP. The images were constructed on a 100 ×
100 × 4 grid with a grid resolution of 6 m in X and Y direc-
tions and 40 m in the Z direction. In the top and middle panels
of Fig. 5, we present near-field images made from Stokes I
and Stokes V data, respectively. The forward prediction of the
visibility contribution of Cas A was imaged similarly, and the
corresponding contours are overplotted in white lines indicat-
ing regions above 50% to 90% of the peak amplitudes, with
five contour levels. Two local RFI sources can be identified to
have the highest contribution at z = 0 m, which decreases as the
height above the array increases. One of these RFI sources, as
identified by M24, is located in a building housing electronic
containers. The localization is better in Stokes V images, which
are less affected by sky sources that have negligible intrinsic
Stokes V emission and only a low level of instrumental leak-
age from Stokes I to V. This is evident in the regions indicated
by the expected contributions by Cas A, which have much lower
amplitudes in Stokes V compared to Stokes I. Unlike local RFI
sources, the amplitude of the projected power due to far-field
sources does not decrease with height above the array. This is
expected since the radiation received from these sources follows
the plane wave approximation, and the matched filter opera-
tion will yield the same values at different heights. The bottom
panel shows the images made per element of the visibility Jones
matrix. Here, we see a similar signature to what was seen in
images constructed from simulated data, including the instru-
mental polarization effect (left panel of Fig. 1). As we go from
XX to YY, the amplitude of source 1 decreases while source
2 increases due to the orientation of the X and Y dipoles in

Fig. 5. Matched filter images of NenuFAR data. Top panel: Stokes I
images at different heights (Z). Middle panel: Stokes V images. Bottom
panel: images at Z = 0 for different elements of the coherence matrix.
Black circles represent NenuFAR core station locations, and triangles
indicate buildings within the NenuFAR core. White contours indicate
the projection of Cas A flux on the near-field domain.
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Fig. 6. Near-field images of NenuFAR data made using the MAP
method. The top and bottom panels correspond to frequency-averaged
Stokes I and Stokes V images, respectively. The white curves in the
Stokes V image are contours indicating 10% of the peak power level.
The white hollow triangles indicate the locations of the buildings in
NenuFAR.

NenuFAR and the locations of the RFI sources, as discussed in
Sect. 3.2.2. Thus, the data exhibit similar instrumental polariza-
tion signatures as predicted by the simulations performed with a
simplistic sin θ model for the dipole reception pattern.

4.1.2. MAP imaging

The imaging was repeated using the MAP technique to retrieve
the spectra and images in physical units. For all subsequent MAP
inversions discussed in the paper, we used Tichonov regulariza-
tion with ρ = 1.3 × 10−3. Fig. 6 shows the frequency-averaged
images obtained using the MAP method. We find that the
two sources are much more prominent in the Stokes V image

compared to the Stokes I image since the inversion is less biased
by sky sources in Stokes V. A visual comparison against the top
panel of Fig. 5 suggests that, in the presence of sky sources,
matched filter imaging performs better than the MAP approach
in recovering the spatial locations of RFI sources. The local-
ization of the sources in Stokes V is much better in the MAP
approach than what was possible from the matched filter imag-
ing. This is indicated in the Stokes V image with white contours
corresponding to the 10% peak power level. This is possibly
because images produced using the matched filter method are
similar to dirty images, as discussed earlier, where the PSF blurs
our view of the sources. Images made using the MAP method
yield deconvolved images, where we are solving for the intrin-
sic distribution of power, enabling a sharper view of the sources.
Here we see that the power from Cas A is not as clearly visible in
the top-left part of the images as seen in matched filter images.
This could be the case because we are solving for the sources in
the near field in the MAP method instead of projecting the data
into the near field. We also performed the imaging in smaller
boxes with higher resolution around the two identified sources,
which revealed that a joint inversion of the two sources is nec-
essary to recover both the RFI source locations (Appendix B).
Comparing the matched filter images in Fig. 5 with the MAP
images in Fig. 6, we see that while the matched filter images
suggest source 1 to be significantly brighter than source 2, this
is not the case in the MAP images. This possibly occurs because
the matched filter imaging method does not account for the atten-
uation due to free space loss of spherical wave propagation, and
since, on average, the stations are farther away from source 2, it
infers a lower amplitude than the reality.

4.2. Temporal and spectral characterization

Using the MAP method, we estimated the RFI spectra as a
function of time. Images were constructed from Stokes V visi-
bilities at a 1 min time resolution. The spectra were estimated
by summing up power values in 16 × 16 grid boxes containing
the identified sources. We also estimated the spectrum in a 16 ×
16 box at the top left of the images where no sources are evident,
as an estimate of the background power. The corresponding spec-
tra as a function of time are shown in Fig. 7. We find that source
1 has a periodicity in its intrinsic spectral power as a function
of time and has distinct time intervals where it is bright or faint.
Hereafter, we refer to these time intervals as on and off, respec-
tively. For source 2, the power seems to increase gradually as a
function of time. The periodicity of the source 1 amplitude was
also observed by M24 in dynamic delay spectra constructed from
visibilities. Also, source 2 was observed to increase in brightness
compared to source 1 in matched filter near-field images made
every 52 min interval of the 11.4 hour observation (not shown in
the figure). The background should contain the noise power and
any power spilled from the two sources due to the errors in the
MAP reconstruction mentioned earlier and the incompleteness
of the near-field model assumed. As indicated through the con-
tours in Fig. 6, power at a level of 10% of the peak is confined
to a region relatively close to the sources. However, we find that
the background does have some leakage from the sources since
it has higher values in the same frequency ranges as the source
spectra, especially during the on times. We constructed spectra
for both sources separately using the data during each on and off
time of source 1 identified in Fig. 7. The corresponding spectra
are shown in Fig. 8. The spectral power is relatively consistent
across the different time intervals, which are solved for indepen-
dently. Source 1 clearly shows two different sets of spectra for
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Fig. 7. Spectral and temporal characterization from MAP near-field imaging. The left and middle panels show the recovered spectra of source 1
and source 2 as a function of time. The right panel shows the background spectra as a function of time.

Fig. 8. Spectra for the two sources estimated separately for different
time segments. In both panels, the red lines show the spectra corre-
sponding to the on times of source 1 and the blue lines show the spectra
for the off times of source 1 identified from Fig. 7.

the on and off times, while source 2 has similar spectral shapes
across time. The possible origin of source 1 is air conditioning
units in the buildings housing electronic containers, where we
identified a hole in the Faraday cage used in shielding. The on
and off times might thus correspond to the cooling cycles of
the air conditioners. The identified location of source 2 corre-
sponds to an inactive NenuFAR station, and it is currently not
evident what the cause of the RFI signal is. While source 1 is
seen in multiple nights of NenuFAR observations, source 2 is
not as consistently present.

5. Impact on far-field data products

In this section, we assess the impact of local RFI sources on
gridded data in the far field. We used the estimated RFI spec-
tra from the 52 min of NenuFAR data, analyzed in the previous

section, to simulate visibilities corresponding to the two local
RFI sources using Eq. (6). For source 1, we used the background-
subtracted on spectrum as the input spectral power distribution to
simulate visibilities only for the on times. For source 2, we used
the background-subtracted estimated RFI spectrum for the entire
duration. A separate simulation and recovery were performed to
estimate the scaling factor produced by the errors discussed in
Sect. 3.3.1, and the corrected spectrum was then used to simulate
the full-resolution visibility data.

5.1. Impact on 21 cm power spectra toward the NCP field

The cylindrically averaged power spectrum is a commonly used
metric in 21 cm cosmology, which shows the power as a function
of spatial modes in the plane of the sky (k⊥) and spatial modes
along the line of sight (k∥). To assess the impact of the two local
RFI sources on the cylindrical power spectrum of the NCP field,
we simulated the two sources separately, first with a flat spectrum
with the average spectral power value across the band and then
with the estimated RFI spectrum as discussed earlier. The power
spectra were constructed using the pspipe5 routine, which uses
wsclean (Offringa et al. 2014) to make image cubes, applies
a Hann window in the image domain and Blackman-Harris fil-
ter along the frequency direction, and uses the modulus squared
of the gridded data in the Fourier domain to estimate the power
spectrum (Mertens et al. 2020). Fig. 9 shows the estimated cylin-
drical power spectra. The black dashed lines indicate the full-sky
horizon limit (Munshi et al. 2025), which defines the bound-
ary of the range of modes that flat-spectrum foregrounds can
occupy, known as the foreground wedge. The power spectra for
the flat-spectrum RFI sources in the two leftmost panels show
that the power is confined within the horizon limit. Source 1 fills
up almost the entire wedge, while source 2 occupies primarily
the lower k∥ modes. This is because source 1 is within the core,
and there is always a baseline for which source 1 is toward the
physical horizon in the opposite direction of the phase center.
Thus, following Munshi et al. (2025), the condition for reach-
ing the maximum horizon extent is met. So, RFI sources on

5 https://gitlab.com/flomertens/pspipe
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Fig. 9. Impact of local RFI sources on the cylindrical power spectrum constructed toward the NCP field. The power spectra corresponding to a flat
input spectrum are shown in the first two panels from the left. The next two panels show the power spectra corresponding to the estimated RFI
spectra. The fifth panel from the left shows the total power from the two simulated RFI sources, and the right-most panel shows the residual data
power spectrum after sky model subtraction. The black dashed lines indicate the horizon limit. We note that the noise power spectrum estimated
from time-differenced Stokes V data is subtracted from the residual data power spectrum to enable a one-to-one comparison.

the ground within the array will always fill up the entire fore-
ground wedge, particularly for shorter baseline lengths where
this situation of maximum delay is more likely to happen. We
indeed note that for longer baselines, the power from source 1
does not always reach the horizon line. Source 2 is toward the
edge of the core. As a result, the condition that a baseline points
in the direction of the source and along the phase center is not
necessarily met. Source 2 thus behaves more similar to a far-
field source, and the modes it occupies depend on the location
of the source and the phase center altitude, and it occupies a
source wedge in the power spectrum. The boundary between the
near and far fields in the context of delays and power spectra is
demonstrated in Appendix D. The third and fourth panels from
the left in Fig. 9 show the power spectra for the simulations with
the estimated RFI spectra, derived from those shown in Fig. 8 as
discussed above. The strongly fluctuating estimated RFI spectra
result in leakage of power beyond the foreground wedge, lead-
ing to contamination of the EoR window, the region beyond the
horizon limit. Source 2 power leaks well beyond the horizon line
at the lowest k⊥, possibly because of the strong fluctuations in
the estimated source 2 spectrum. The fifth panel from the left
shows the simulated power spectrum with both sources, and the
rightmost panel shows the power spectrum constructed from the
observed residual NenuFAR data for this 52 min segment after
sky model subtraction. Comparing the simulated and observed
data, it seems likely that the higher power along the horizon line
and that at the very low (k⊥, k∥) values are caused by source 1,
while the higher power at the lowest k⊥ near k∥ = 0.35 h cMpc−1

and that along the entire k⊥ range at low k∥ are likely caused by
source 2. The data power spectrum has contributions from sky
sources, which possibly causes some power to reach the horizon
limit at high k⊥. The higher power at the lowest k∥ modes is due
to the residual confusion noise limited power in the data after
sky-model subtraction. These features are thus not present in the
simulated RFI power spectra.

5.2. Bias due to noise and 21 cm signal

The presence of thermal noise and 21 cm signal in the visibilities
have the potential to bias the RFI spectrum estimation using the
MAP approach. It is thus necessary to understand the nature of
errors the algorithm induces, quantify the level of such errors,
and identify the optimal approach for spectrum estimation to
minimize them. In this section, we assess the robustness of the
RFI spectrum estimation in the presence of noise and the 21 cm
signal and its impact on the cylindrical power spectrum of the
NCP field through forward simulations.

We generated 21 cm signal visibility cubes from the varia-
tional auto-encoder kernel trained on 21cmFAST simulations at
a redshift of 20, as described by M24. The simulated visibil-
ity cube was first converted to an image cube, and a simulated
NenuFAR primary beam was applied, followed by the prediction
of visibilities using the predict task in wsclean. The noise
was simulated using NenuFAR’s system equivalent flux density.
For this high-noise scenario of a 52 min observation with Nenu-
FAR, including signals at standard levels would have a negligible
impact in addition to the noise. Assuming that, in practice, the
spectrum estimation and subtraction would be performed per
segment, we boosted the 21 cm signal fluctuations by a factor
of 1000 to make it significantly stronger than the noise level for
a single 52 min segment so that it has the potential to bias the
RFI spectrum estimation. The visibilities for the two RFI sources
were simulated in the same manner as described at the beginning
of Sect. 5. The visibilities of the RFI, noise, and 21 cm signal
were added to produce the simulated data set for this exercise.

Next, we estimated the RFI spectra from the on and off time
segments of the simulated data separately, with a background
spectrum estimated from the edge of the recovered image and
subtracted from individual spectra. We note that, in addition to
the RFI, the Stokes I visibilities contain both noise and 21 cm
signal, while the Stokes V visibilities contain only noise. Thus,
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Fig. 10. Results of robustness tests performed for the MAP spectrum
estimation. The top row corresponds to the high noise and boosted sig-
nal scenario, while the bottom row corresponds to a low noise and
standard signal scenario. The left column shows the dynamic range
between the input RFI and 21 cm signal power spectrum in each sce-
nario. The second and third columns show the cross-coherence between
the noise-realization-subtracted residual Stokes I data against the input
signal corresponding to the two methods M1 (RFI spectrum estimation
from Stokes V) and M2 (RFI spectrum estimation from Stokes I). The
white dashed lines indicate the horizon limit.

we use two methods: estimating the RFI spectra from Stokes V
(referred to as M1) and estimating them from Stokes I (referred
to as M2). Spectrum estimation in Stokes V will be biased by
noise, and that in Stokes I will be biased by both the noise and
21 cm signal. The estimated RFI spectra were used to simulate
visibilities, which were subtracted from the input Stokes I vis-
ibilities to obtain the residuals. To understand the level of bias
introduced in the RFI spectrum estimation by the presence of the
21 cm signal and noise, we use the cross-coherence metric (see
Eq. (6) of Brackenhoff et al. 2024) between the residuals and the
input 21 cm signal. To prevent decorrelation of the signal due to
noise, we subtracted the noise realization cube from the residual
data cube before computing the cross-coherence. The top row of
Fig. 10 summarizes the results of this exercise. The coherence
is very well preserved for the boosted signal for M1, where the
spectrum estimation is only biased by noise. For M2, the coher-
ence is reduced in the modes where the RFI is strongest, indicat-
ing a slight bias in the spectrum estimation due to the presence
of the signal. The top-left panel of Fig. 10 shows that the input
RFI power is stronger than the boosted 21 cm signal by approxi-
mately two orders of magnitude at its peak, and the preservation
of the coherence with the 21 cm signal indicates that the RFI
spectrum estimation and subtraction performed in this exercise
is able to reduce the RFI power by this factor. In the pres-
ence of systematic errors at a 5% level induced by off-grid and
instrumental polarization effects (as discussed in Sect. 3.3.1),
such a direct prediction and subtraction approach can, in prin-
ciple, reduce the RFI power by up to a factor of 400. Thus, the
coherence loss seen here is a combination of the bias due to

noise and 21 cm signal as well as the systematic errors due to
off-grid and polarization-induced errors.

To isolate the impact of noise and 21 cm signal on the RFI
spectrum estimation and subtraction process, we next performed
an ideal reconstruction with the source at a grid point and full
polarization MAP inversion as discussed in Sect. 3.3.1. This
does not introduce systematic errors in spectrum estimation apart
from floating point errors at a 10−7 level. For this exercise, we
reduced the noise by a factor of 1000 and used standard 21 cm
signal levels. The spectrum estimation and subtraction were per-
formed in the same manner as before, and the cross-coherence
between the noise-realization-subtracted residual data with the
input 21 cm signal is shown in the bottom row of Fig. 10. Coher-
ence to the signal is lost completely at the modes occupied by
the peak RFI power, while in the EoR window, the coherence is
largely retained for M1, and some coherence is lost for M2. We
note that the dynamic range between the peak RFI power and
the standard 21 cm signal is huge (bottom-left panel of Fig. 10),
and thus fractional errors introduced at a level of 10−4 or more
in the RFI spectrum estimation due to the noise or 21 cm signal
introduce a bias in the modes where the RFI power peaks.

To test if these errors in M1 are actually caused by the
thermal noise and are not systematic in nature, we repeated
the spectrum estimation and subtraction from each time seg-
ment separately, as opposed to doing it separately for on and off
segments. Not combining segments before spectrum estimation
increases the residuals by a factor of ≈3 in power (not shown in
the figure), which is what we expect if the errors are due to noise
in the data when 3 or 4 segments are averaged before the MAP
inversion. Thus, decreasing the noise level would reduce this bias
further for M1, and this was verified through a separate simula-
tion. However, for M2, there will be some residual bias left due
to the signal, and M1 offers a less biased way to estimate the RFI
spectrum. Thus, estimating the RFI spectra from Stokes V data,
where it is less affected by astrophysical emission and the 21 cm
signal, provides a more reliable approach.

5.3. Impact on observations of different target fields

The NCP is a rather special point in the sky for synthesis obser-
vations since celestial poles are the only points that are stationary
with respect to the array. For phase centers other than the NCP,
gridding the data in the u3 domain fixed to the sky has the effect
of averaging out the RFI as a function of time since the data are
gridded into a domain where the sky sources add up coherently,
and RFI, which are stationary on the ground, do not. However,
in the special case of the NCP phase center, the RFI does add up
coherently within the field of view (FoV) and behaves similarly
to a source at the NCP. For small FoVs, the process of sampling
by u3 tracks and gridding using a convolution kernel during the
construction of the synthesis image results in a region of higher
power along the source direction in the u3 plane (see Munshi
et al. 2025 for a mathematical treatment of this effect). For any
phase center other than the NCP, the image is constructed to have
the NCP toward the north. It thus follows that the power due to
the RFI sources will have a peak along u = 0 since the RFI imi-
tates a source outside the FoV, toward the north of the image.
A similar effect would happen for the south celestial pole in the
southern hemisphere.

We performed simulations for the two RFI sources with the
estimated RFI spectra during a 48 min observation of another
target field with NenuFAR (NT05: RA=12 h, Dec=40◦). The
gridded data in the u3 plane and the power spectra were con-
structed in the same manner as was done for the NCP data and
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Fig. 11. Impact of RFI sources on the u3 plane and power spectra of dif-
ferent target fields. The visibility amplitude in the gridded u3 plane for
observed and simulated data for NCP and NT05 phase centers are shown
in the top and middle rows. The bottom row shows the power spectra
estimated from observed NT05 data, without (left) and with (right) the
u3 cells around the u = 0 line flagged. The white dashed lines indicate
the horizon limit.

the simulations. The top and middle rows in Fig. 11 show the
frequency-averaged visibility amplitude in the u3 plane for both
phase centers. In both the observational and simulated data, the
power due to the RFI in the gridded u3 plane for the NT05 phase
center is primarily confined to the region near u = 0, while the
RFI power is spread more across the u3 plane for the NCP phase
center. We note that the actual data have noise and foregrounds
while the simulated data do not, so only qualitative features can
be compared between the observational and simulated data. The
fact that the RFI does not add up coherently for the NT05 field
is what results in its power being confined to a different set of
modes than the sky power, enabling separation of part of the RFI
power in this domain. The region around this u = 0 line can now
be flagged before power spectrum estimation to reduce contam-
ination from the RFI sources. The bottom row of Fig. 11 shows
the power spectra estimated from observed data of the NT05 field
before and after flagging five u3 cells in the vicinity of the u = 0
line. This flagging step has a negligible impact on the NCP power
spectrum (not shown in the figure), while the NT05 power levels
are reduced significantly, especially in the EoR window.

Finally, we constructed images from the simulated data of
the two RFI sources for both fields to illustrate the effect of local
RFI in the image domain. The results are shown in Fig. 12. For
the NCP field, the RFI adds up at the center, producing PSF-
like sidelobe ripples that resemble concentric circles around the
center of the image. For the NT05 field, we see that the RFI-
induced sidelobe ripples originate well outside the narrow field,
toward the north of the image. The wide-field image illustrates
that the origin of the sidelobes in the NT05 field is indeed the
RFI power adding up at the NCP. Next, we filtered the region
between u = ±10 for all three images. For the NCP field, filter-
ing does not have a significant effect except for the portion of
the sidelobes along the vertical direction whose amplitudes are
reduced. For the NT05 field, the contamination from the RFI
is significantly suppressed. Also, the reduction in contamination
through filtering is lower for fields located close to the NCP. This
is because for fields near the NCP, the effective RFI source is
closer to the phase center, leading to slower phase ripples in the
u3 plane, which are not suppressed as strongly by the convolution
kernel, leading to wider signatures in the u3 plane. Thus, filter-
ing in the u3 plane in a narrow region around u = 0 suppresses a
lower fraction of the RFI power.

6. Summary and conclusions

In this paper, we present and test two near-field imaging algo-
rithms, matched filter imaging and MAP imaging, that can be
used to identify and characterize local RFI sources from radio
interferometric data. Both methods use the free space spherical
wave equation and do not impose the plane wave approxima-
tion used in traditional interferometric far-field imaging. The two
methods are demonstrated on simulated and observed data, and
the impact of RFI sources on images, the u3 plane, and power
spectra is studied through forward simulations. The main results
from the paper are summarized below:

– The matched filter imaging exhibits the signature of instru-
mental polarization in both simulated and observed data,
which can be explained based on the location of the RFI
sources and the NenuFAR array layout. Imaging on a 3D
grid can be used to differentiate genuine local RFI sources
from power due to far-field data projected onto the near-field
domain. The RFI sources in NenuFAR are identified to lie
very close to the ground. The matched filter method does
not account for the attenuation due to spherical wave prop-
agation, and hence, the produced maps do not have physical
units. Errors in the estimated phase necessitate frequency
averaging, resulting in images without spectral information,
limiting the use of this algorithm to produce effective RFI
models. Still, the matched filter imaging method is compu-
tationally fast, performs well in low S/N situations, and is
robust to the presence of far-field sources, making it a useful
technique for identifying the locations of local RFI sources;

– The MAP imaging performs a regularized inversion of the
near-field visibility equation to produce maps in physical
units with spectral information. Tikhonov regularization is
found to give good results in both image and spectrum recov-
ery on simulated local RFI visibilities. In observed data, the
method performs well on Stokes V, which is less affected
by astronomical sources, and provides a sharper view of the
RFI sources compared to matched filter imaging. We per-
formed a spectral and temporal characterization of the two
local RFI sources in NenuFAR data using the MAP imaging
algorithm. One of the sources exhibits a periodicity in the
intrinsic spectral power with distinct on and off time periods,
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Fig. 12. Impact of local RFI sources on far-field dirty images. The top row shows dirty images constructed from the simulated RFI visibilities, and
the bottom row shows the images after the region |u| ≤ 10 is filtered out. The left and middle columns correspond to the NCP and NT05 fields,
respectively. The rightmost column shows wide-field, full-sky images with the NT05 field indicated with a black square.

while the other source exhibits a consistent spectrum with a
gradual increase in average spectral power with time;

– Forward simulations of the RFI sources with a flat spec-
trum reveal that sources within the array fill up the entire
foreground wedge in the cylindrical power spectrum toward
the NCP field, while RFI sources outside the core occupy
a source wedge similar to astronomical sources. Includ-
ing the estimated RFI spectra in the forward simulations
results in leakage of power into the EoR window and pro-
duces features that can be associated with corresponding
features in observed residual NenuFAR data after sky model
subtraction;

– We investigated the bias in the spectrum recovery in the pres-
ence of 21 cm signal and noise in simulated observations.
Systematic errors due to off-grid and polarization errors
limit the maximum fraction of RFI power that can be sub-
tracted through a direct prediction at ≈95%. RFI spectrum
estimation on Stokes V data is biased only by noise, while
that on Stokes I data is biased by both noise and the 21 cm
signal, making spectrum estimation from Stokes V data a
more reliable approach to minimizing bias;

– Finally, we analyzed the impact of RFI sources on far-field
data products for different target fields through simulations.
Since the celestial poles are stationary with respect to the
array, the power due to RFI sources adds up at the poles.
Thus, in far-field images of the NCP field, the RFI power
is spread throughout the u3 plane. For other target fields far

from the NCP, the RFI power in the u3 plane is confined to
a narrow region around the u = 0 line, enabling a reduction
in RFI power in both images and power spectra by filtering
this region out. Current NenuFAR observing programs thus
focus on target fields besides the NCP to reduce the impact
of these local RFI sources on the data.

Persistent low-level RFI that is not identifiable by traditional
techniques in visibility dynamic spectra is one of the limiting
factors for science cases such as 21 cm cosmology, which try to
reach the instrumental thermal noise level to have the sensitivity
to detect the faint 21-cm signal. These results show the potential
of identifying such local RFI sources from radio interferomet-
ric visibilities and characterizing their temporal and spectral
properties. This is an important step toward using these mod-
els to develop techniques to reduce the contribution of these
local RFI sources from observed data. The simulation frame-
work and near-field imaging algorithms are implemented in a
Python library nfis6, which is made publicly available. Improv-
ing these modeling techniques faces some critical challenges
related to additional complexities, such as inadvertent reflec-
tions, cross coupling, and RFI emitter directivity. These effects
need to be accounted for to develop more accurate models and
techniques for efficient subtraction of the near-field RFI models
from the data. This will be explored in future work. Although we
have demonstrated these methods in the context of NenuFAR,

6 https://github.com/satyapan/nfis
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these algorithms are applicable to any interferometer. Since the
techniques operate on visibilities, temporarily storing them is
necessary to model and subtract the RFI contribution, especially
if the RFI spectrum varies with time. However, even in obser-
vatories where visibilities are not retained and are discarded
immediately after processing, these methods can still be inte-
grated into real-time workflows, serving as tools for generating
diagnostic plots.
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Fig. A.1. Matched filter near-field images with only baseline averaging.
The three images in the top row (left to right) were constructed using
progressively finer grid resolutions (∆d) from simulated data containing
one local RFI source. Black circles indicate the NenuFAR station loca-
tions, providing a scale reference for the images. In the bottom row, the
left panel shows the image made from Stokes V observed data, and the
right panel shows the image constructed after the signs of the baseline-
dependent gains for source 1 have been estimated and corrected for. The
location of the source is indicated with a black circle.

Appendix A: Matched filter imaging with baseline
averaging

In Sect. 3.2.3, we discussed the effect of the baseline and source-
dependent gain term that arises due to phase errors introduced by
using a coarse grid or because of not accounting for the array fac-
tor. Here, we investigate this effect by simulating visibilities for a
source located at the buildings within the NenuFAR core. Since
the simulated visibilities do not account for the array factor, the
uncertainty in phase due to the station extent is not an issue dur-
ing the recovery, which assumes the stations to be point-like.
Thus, we can, in principle, use arbitrarily high grid resolutions
to make images using the baseline averaging approach. This is
illustrated in the top row of Fig. A.1 by constructing matched
filter images with the baseline averaging approach with different
grid resolutions. Using a grid resolution of the order of λ/2 gives
us a sharp view of the source, while a coarser grid essentially
introduces Gpqi due to phase errors and results in low amplitude
images.

In actual data, Gpqi exists intrinsically, even for the high-
resolution grid, since the estimated phases used in matched
filtering do not account for the locations of the antennas consti-
tuting a station. We constructed matched filter images using this
approach on NenuFAR data. The bottom left panel of Fig. A.1
shows an example where we find an intensity distribution where
the local RFI sources are not recovered. To illustrate the effect of
the baseline and source-dependent gain term, for each baseline,
we estimated the sign of the real and imaginary part of the peak
value of visibility after applying the near-field phase correspond-
ing to the location of source 1. Then, during the matched filter

Fig. B.1. Near-field images made using the MAP method for small
regions around the identified RFI sources. The top row corresponds to
the images made separately for two grids. The bottom row shows the
results of the joint inversion of two grids around the RFI source
locations.

imaging, we corrected for the negative signs and constructed the
image in the same manner. The result is shown in the bottom
right panel of Fig. A.1, where we can now recover the source.
This exercise is only done for illustration purposes and cannot be
done on actual data since the sign for each baseline will be differ-
ent for each source. In that case, it would be necessary to predict
the exact phase using information about the antenna locations
and the pointing direction in the sky where the primary beam is
steered.

Appendix B: Impact of sources outside the grid in
MAP imaging

In MAP near-field imaging, it is important to make sure that the
primary sources of near-field power lie within the grid used in
the reconstruction. Here, we illustrate this on the same data as
used in Sect. 4. First, the imaging was performed separately for
two 50× 50 grids containing the identified source locations. The
results are shown in the top row of Fig. B.1. We find that the
point source distribution is not recovered, and in both images,
we see fringes due to the power from the other source that is
outside the grid. Next, the imaging was performed simultane-
ously for two 30 × 30 grids containing the two sources. The
grid size was reduced to make sure that the inversion problem
remains sufficiently overconstrained per frequency channel since
now pixels for both grids are being solved simultaneously. The
results are shown in the bottom row of Fig. B.1. Here, the point
source-like distribution is again recovered at the source locations
identified in Fig. 6. We note that this requirement of both sources
lying within the assumed grid is not necessary for matched fil-
ter imaging. This is again analogous to far-field imaging where
the presence of the sky sources within the grid is not necessary
to produce dirty images, but is essential to perform deconvo-
lution, which is what the MAP approach to near-field imaging
essentially does.

A203, page 18 of 19



Munshi, S., et al.: A&A, 697, A203 (2025)

Appendix C: Directivity and frequency dependence
of dipole radiation

In Sect. 3.3.2, we discussed that the recovered RFI spectrum is
unaffected by the polarization from which it is retrieved, up to
an amplitude factor. The radiation pattern of a dipole of length L
is given by

R(θ, ν) =
cos

(
πνL

c cos θ
)
− cos

(
πνL

c

)
sin θ

. (C.1)

Thus, R(θ1, ν)/R(θ2, ν) is clearly frequency dependent, and the
spectrum received by the dipoles from different directions is not
the same up to a scaling factor. If we set L→ 0, we get

R(θ, ν) ≈
[1 − 1

2

(
πνL

c cos θ
)2

] − [1 − 1
2

(
πνL

c

)2
]

sin θ
=

1
2

(
πνL

c

)2

sin θ.

Here, R(θ1, ν)/R(θ2, ν) is frequency independent. Thus, the over-
all factor accrued in estimating the spectrum from Stokes V
data depends only on the location of the source compared to
the array geometry, which can be accounted for through a sep-
arate simulation and recovery cycle as discussed in Sect. 5. For
small bandwidth to central frequency ratios, even for non-short
dipoles, the frequency dependence of R(θ1, ν)/R(θ2, ν) is weak,
enabling spectrum estimation from a polarization component to
good accuracy. For example, the spectral shape of the radiation
pattern for θ = π/2, calculated using Eq. (C.1) for a dipole of
length 2.7 m at NenuFAR’s frequencies, shows maximum devi-
ations at the level of 8%. The maximum deviations occur in the
case of extreme situations of the radiation coming along the axis
of the dipole (θ = 0). In principle, if the exact radiation pattern is
known, all these effects could be accounted for in the spectrum
estimation.

Appendix D: Near and far-field delays

In Sect. 5.1, we find that the RFI source located in the center of
the core has a very different signature in the cylindrical power
spectrum compared to the source located toward the northeast
of the core, even when both of them have a flat spectrum. This
effect can be demonstrated directly in the delay power spec-
tra estimated from simulated observations with the RFI source
placed at different distances from the center of the array. Instead
of performing full visibility simulations for each RFI source
location, we can directly estimate the expected delays based on
the near-field and far-field phases under the assumption that the
RFI spectrum is flat. We computed these delays corresponding
to NenuFAR station locations for 10 different distances of the
RFI source from the center of the array, with the source located
due northeast. The results are shown in Fig D.1. The far-field
delay power spectrum is unaffected by the distance of the source
as long as the source vector remains in the same direction. The
near-field delay power spectrum has very different signatures as
the source is gradually taken from the center to the edge of the
array and beyond. We note that as the source is gradually placed
further from the center of the array, the longest baselines cross
the boundary between the near and far fields last. The shorter
baselines which are used to compute the cylindrical power spec-
trum already reach close to the far-field limit at a distance of
500 m, thus explaining why source 2, located at the edge of the
400 m core of NenuFAR, behaves as a far-field source would in
the cylindrical power spectrum (Fig. 9).

Fig. D.1. Expected delays due to a source located at different distances
from the center of NenuFAR, calculated using the near-field and far-
field equations. The solid black lines indicate the horizon delay limits.
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