
1

Learning-based probabilistic subarray switching for
robust low-cost interferometric imaging
Jianhua Wang∗, Mohammed Nabil El Korso‡, Lucien Bacharach∗, Pascal Larzabal∗

Abstract—Computational cost poses a significant challenge
in next-generation interferometric imaging systems. In these
systems, the large number of antennas makes it impractical
to process all measurements simultaneously due to computa-
tional capacity constraints. To reduce the computational burden
while preserving image reconstruction quality, we propose a
subarray switching strategy that utilizes fewer antennas and
different antenna configurations. To take into consideration the
influence of the image reconstruction algorithm on the design
of the subarray switching pattern and to fully exploit the
flexibility of the switching strategy, we propose a probabilistic
deep learning-based method for designing antenna switching
patterns, named by Probabilistic Antenna Switcher (PAS). In
addition to the computational challenge, interferometric systems
are also particularly sensitive to the presence of radio frequency
interferences (RFI), which heavily affects imaging quality. In
order to address this issue, we show that it is possible to combine
the proposed PAS with a RFI detection module. Specifically,
this module is a neural network that is trained to identify and
minimize the impact of RFI-affected antennas in the subarray
selection process. This results in a RFI-aware PAS (RaPAS) ,
which balances computational efficiency, imaging quality, and
robustness against RFI. The full code will be available at
https://github.com/jianhua-WANG-ENS/PAS RaPAS.

Index Terms—Array processing, antenna selection, imaging,
interferometric array

I. INTRODUCTION

The emergence of data-intensive interferometers [1–3] has
driven substantial advancements in sensitivity and resolu-
tion through the inclusion of a greater number of antennas.
However, alongside this expansion in observational capacity
arises a dual challenge: 1) the computational challenges and
cost [4, 5] imposed by the increased number of antennas
and the resulting data dimensionality; 2) the susceptibility
to interferences, notably Radio Frequency Interference (RFI),
due to heightened sensitivity, where the presence of RFI can
significantly degrade the quality of reconstructed images [6–8]

First, to tackle the challenge of computational complexity,
a practical approach is antenna subarray selection, which
mitigates computational complexity by partitioning the full
array into smaller subsets and utilizing only a fraction of
the antennas for each measurement [9, 10]. This method not
only reduces the data size but also lowers computational
demands, making large-scale, data-intensive interferometry
more manageable. Despite its advantages, optimal subarray
selection remains a complex problem. Existing methods,
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such as deterministic approaches based on lower bounds of
Mean Square Error (MSE) for source localization include
the Cramér-Rao Bound (CRB) [11–13] and the Barankin-
Type Bound (BTB) [14]. These methods provide structured
antenna configurations, either for a single source or multiple
well-separated sources. Specifically, the CRB-based method
generates a beampattern with a narrow mainlobe but high
sidelobes, while the BTB-based method achieves a balance
between mainlobe width and sidelobe levels [10, 15, 16].
As a result, the CRB-based method provides the highest
imaging resolution but may introduce artifacts due to the high
sidelobes. In contrast, the BTB-based method offers a better
trade-off between resolution and artifacts, though at the cost
of reduced resolution compared to the CRB-based approach.

An antenna subarray switching strategy between different
types of subarrays is introduced in recent work [17, 18]
to reduce computational cost while preserving the quality
of reconstructed images. Assuming two different switching
patterns, this strategy is implemented by combining CRB-
based and BTB-based subarrays to exploit the advantages of
both methods. The results demonstrate the efficiency of this
switching strategy compared to using a single subarray.

However, this switching strategy is optimal only when the
selected imaging algorithm attains the CRB or BTB, which is
not always the case. In practice, the performance of switching
between different subarrays is influenced by the chosen imag-
ing algorithm [19]. Therefore, it is essential to consider the
imaging algorithm when designing antenna subarray switching
patterns. Furthermore, to maximize the potential and explore
the flexibility of the switching strategy, it is necessary to be
able to design more than two subarray patterns.

Second, RFI poses a long-standing challenge in interferome-
try. It originates from various sources, such as communication
systems (e.g., mobile phones) or high-voltage transmission
lines [20, 21]. Conventional thresholding-based methods often
focus on detecting and flagging strong outliers in the raw data.
These techniques include manual inspection [22] or spatial fil-
tering of the correlation matrix [23–25]. In contrast to thermal
noise, which can be modeled using a Gaussian distribution,
RFI exhibits complex statistical properties that are difficult
to model accurately. Recent approaches have employed t-
distributions to better capture the statistical characteristics of
RFI in radio-astronomical imaging [26, 27]. However, the
latter RFI mitigation approaches face significant challenges,
primarily due to how the mitigation task is formulated. Con-
ventional thresholding-based [28, 29] and data-driven [30, 31]
methods treat RFI mitigation as a binary classification or
segmentation problem. In other words, they focus solely on
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identifying and labeling parts of the visibilities corrupted by
RFI, a process known as RFI flagging. Once these corrupted
visibilities are identified, they are typically discarded from
further analysis. This approach heavily relies on the accuracy
of RFI detection. As a result, valuable information may be
lost, depending on the location of the affected visibilities and
the subsequent task, in our case, image reconstruction.

To address these limitations, we propose a method for de-
signing antenna subarray switching patterns while considering
the chosen imaging algorithm. Given the complexity of real-
world measurements, analytical solutions to this switching
pattern design problem are infeasible. Instead, our method
employs deep learning to learn the optimal antenna subarray
switching pattern using Gumbel reparameterization to enable
backpropagation gradient estimation. Additionally, we intro-
duce a RFI detection block to mitigate the impact of RFI
during the antenna selection process. This block analyzes the
measurements and estimates the probability of each antenna
being contaminated by RFI. This probability is then com-
bined with the antenna selection probability to determine the
most optimal and reliable antennas for forming the subarray
switching pattern. This approach provides a new perspective
on mitigating RFI by addressing it at the data acquisition stage.

The content of this paper is organized as follows. In
Section II, we introduce the interferometric sensing model and
formulate the framework of antenna switching. In Section III,
we present our proposed method, which optimizes the antenna
switching pattern while considering the image reconstruction
process. In Section IV, we demonstrate the effectiveness of our
approach based on the Very Large Array (VLA) configuration.
We also analyze the reduction in computational complexity
achieved with the proposed method. Finally, the work is
summarized in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Interferometric data model

Interferometry involves measuring the spatial coherence of
the electric field between pairs of antennas within the antenna
array. These measurements, termed visibilities, provide infor-
mation about the electromagnetic radiation emitted by celestial
sources under observation. Without loss of generality and to
simplify notation, we assume that each measurement contains
the same number of visibilities. The interferometric imaging
model for each snapshot measurement block k is formulated
as

rk = Hkx+ nk, k = 1, · · · ,K (1)

where rk ∈ CN denotes the observed visibility vector,
Hk ∈ CN×m is the forward operator, corresponding to the
incomplete Fourier sampling operator, whereas x ∈ Rm
represents the image vector with a number of image pixels m
to be restored, K is the total number of snapshot measurement
block, and N represent the number of per-snapshot visibilities.
The additive noise is assumed to follow a Gaussian distribution
nk ∼ CN (0, σ2IN ).

B. Problem formulation

The main idea of this paper is to select the different ”best”
ℓ antennas (out of a L-element array) for each measurement
k, forming a subarray switching pattern. We then use the
visibilities corresponding to the selected antennas to achieve
the best possible image reconstruction quality while reducing
computational complexity.

Let mk ∈ {0, 1}L be a ℓ-hot encoding vector, where the
i-th element indicates whether the i-th antenna is selected (1)
or not (0) for the k-th measurement. The number of selected
antennas is ℓ, i.e., ∥mk∥1 = ℓ. Based on this, we define a
switching matrix Mk to select the visibilities corresponding
to the chosen antennas

Mk = ζ (diag(mk ⊗mk)) (2)

where Mk ∈ {0, 1}n×N and the operator ζ(·) remove all rows
containing only zeros and ⊗ denotes the Kronecker product.
Given the relationship between the number of antennas and
visibilities, we have N = L(L−1)

2 and n = ℓ(ℓ−1)
2 where N is

the total number of visibilities and n is the number of selected
visibilities. For consistency, we assume that the number of
selected antennas (and consequently the number of selected
visibilities) remains the same for each measurement. Under
this assumption, the selected visibility vector yk ∈ Cn can be
expressed as

yk = Mkrk, k = 1, · · · ,K (3)

The primary objective in the radio-telescope imaging prob-
lem is to reconstruct the sky model image with the highest
possible accuracy while minimizing computational overhead.
In this work, we aim to achieve this by optimizing the
switching matrices Mk and taking into account the image
reconstruction process. This optimization problem can be
formulated as follows

m∗
k,θ

∗ = arg min
mk,θ

d (x̂,x) , k = 1, . . . ,K (4a)

subject to x̂ = fθ (mk, rk), (4b)

mk ∈ {0, 1}L, (4c)
∥mk∥1 = ℓ. (4d)

Here, the function d (·, ·) defines the distance between the
reconstructed image x̂ and the true image x. The image recon-
struction function fθ (·) is parameterized by θ, whose details
are provided in subsequent sections. The second constraint
(4c) ensures binary selection of antennas, while the third (4d)
enforces that the total number of selected antennas equals ℓ.

Denote Kswit, the number of switching patterns to design,
the number of possible subarray combinations is given by

C =

(
L

ℓ

)Kswit

=

(
L!

ℓ!(L− ℓ)!

)Kswit

.

Taking the VLA telescope as an example, as in [26], selecting
ℓ = 15 antennas from an array of L = 27 elements for
Kswit = 2 switching patterns results in C = 3.02 × 1014

possible configurations. Exhaustively searching through all
combinations is computationally infeasible.
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Fig. 1: (a) Overview of the proposed framework, comprising a Probabilistic Antenna Switcher (PAS) and an image reconstruction
block (Imager), trained to achieve an optimal antenna switching pattern. For each input true image, the corresponding visibilities
of the full-array are simulated according to the antenna telescope observation model described in (1). The switching matrix
Mk is applied to select a subset of the measurements, significantly reducing the total data size compared to the full-array
measurements. The selected visibilities are processed by the image reconstruction block to produce a reconstructed image
corresponding to the current switching pattern. By minimizing the distance between the reconstructed image and the true
image, the PAS is optimized. (b) The illustration of the proposed PAS and RFI-aware PAS (RaPAS) blocks.

III. PROBABILISTIC ANTENNA SWITCHER LEARNING
FRAMEWORK

Given that our antenna switching pattern design is intended
for radio-astronomical imaging, we do not adopt learning
approaches based on minimal bounds, such as in [32], where
the CRB of the selected antennas is used as a criterion. Instead,
we incorporate the imaging-related parameter θ directly into
our optimization problem (4a). Our criterion is the quality
of the reconstructed images, which will be detailed in this
section. This approach leads to the development of an end-to-
end learning framework for designing the switching pattern,
as illustrated in Fig. 1.

A. Probabilistic Antenna Switcher (PAS)

Direct optimization of the antenna selection vector mk is in-
tractable due to its discrete nature and following the constraints
(4b) and (4c) within the end-to-end learning framework. To
address this, we propose using a discrete sampling distribution
[33, 34].

Specifically, each antenna selection vector mk is modeled
as the ℓ-hot encoding of an independent categorical random
variable ck ∼ Cat (L,πk). Here, πk ∈ RL is a vector of
L class probabilities, whose i-th element πk,i represents the
probability of selecting the i-th antenna. We parameterize πk
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using unnormalized logits ψk, such that

πk,i =
eψk,i∑L
j=1 e

ψk,j

, i ∈ {1, 2, . . . , L}. (5)

Thus, rather than optimizing mk, we will optimize the distri-
bution parameter ψk of mk.

Now the problem is how to take sample from the categorical
distribution Cat (L,πk). For the forward pass, we need a ℓ-
hot realization from Cat (L,πk) to reflect the selection of
ℓ antenna, corresponding to the constraints (4c) and (4d).
To address it, we use the Gumbel top-K trick [35–37]. A
realization of ck can be obtained by

mk = ℓ hotL (c̃k) = ℓ hotL (top ℓ (ψk + ek)) (6)

where the operation ℓ hotL(·) returns a ℓ-hot vector of length
L, top ℓ(·) works in similar way to the argmax operator
while it takes ℓ largest elements without replacement, and
ek ∼ Gumbel (0, 1) follows a standard Gumbel distribution.
The Gumbel distribution is commonly used to model the
maximum of a set of independent samples. It is equivalent
to twice the negative log-transform of an uniform distribution,
i.e., ek = − log(− log(uk)), with uk ∼ U(0, 1), which makes
it easy to generate realizations of ek.

However, the operation ℓ hotL (top ℓ (·)) is not differen-
tiable, and thus prevents gradient backpropagation. To circum-
vent this issue, we relax it by converting it into ℓ argmax
operation that together create a ℓ-hot vector by sampling
without replacement. Each argmax(·) operation is relaxed by
applying the Gumbel-softmax trick [38]. The Gumbel-softmax
representation of mk is defined as

mGumbel
k = softmax

τ
(ψk + ek)

=
exp ((ψk + ek)/τ)∑L

j=1 exp ((ψk,j + ek,j)/τ)
,

(7)

where τ is the temperature parameter that controls the de-
gree of approximation. When τ > 0, the Gumbel-softmax
performs soft sampling, i.e., generates a continuous version of
mk, which enables backpropagation during training. However,
for the forward pass, mk must be binary, to comply with
constraint (4c), and thus to perform antenna selection. Theo-
retically, this is achieved as τ approaches zero. In practice, we
employ an approach known as the straight-through Gumbel-
softmax estimator [39], which allows us to set τ = 0, perform
hard sampling, and to finally obtain a valid ℓ-hot mk vector
for the forward pass. The detailed structure of the Probabilistic
Antenna Switcher (PAS) block is shown in Fig. 1(b).

B. RFI-aware Probabilistic Antenna Switcher (RaPAS)

Regarding RFI mitigation, conventional thresholding-based
[28, 29] and data-driven [30, 31] methods are computationally
expensive, in particular for next-generation radio interferome-
ters, as they involve analyzing all the visibilities for potential
flagging. As an alternative, we propose to estimate the prob-
ability of RFI contamination at the antenna level before the
selection process.

Assuming that RFI contamination is concentrated on a
subset of antennas, we introduce a RFI processing step which

assesses the likelihood of RFI contamination for each antenna.
This block assigns a probability score to each antenna, indicat-
ing its likelihood of being affected by RFI. This probability is
then integrated into the antenna selection process to optimize
the design of the subarray switching pattern.

The input to the proposed RFI-aware network consists of co-
variance matrices derived from the received signals, obtained
by rearranging the full-array visibilities rk. Specifically, the
input data is formatted as a n × n × 3 real-valued tensor by
stacking the real part, imaginary part, and element-wise norm
of the covariance matrix, where n is the number of antennas
in the full array. This representation effectively captures the
essential statistical properties of the received signals, providing
a comprehensive and informative input to the network.

The input tensor is processed through three 2D convolu-
tional layers, each followed by a batch normalization layer
and a Rectified Linear Unit (ReLU) activation function. These
layers extract spatial and statistical features from the co-
variance matrix. To generate the final output, the network
includes two fully connected (linear) layers. The last layer
employs a sigmoid activation function to transform the output
into probability values, each representing the likelihood of a
specific antenna being affected by RFI.

To effectively utilize the predictions provided by the RFI-
aware block, we combine this information with the PAS.
Instead of entirely excluding antennas identified as RFI-
contaminated, we incorporate the RFI probabilities into the
selection process, weighting the antenna selection probabilities
accordingly. For the sake of simplicity, we assume that the
final selection probability for each antenna is computed as

pk = ψk ⊙ (1− pRFI
k ), (8)

where pk ∈ RL represents the probability of antennas being
selected by the PAS, pRFI

k ∈ RL denotes the probability of
antennas being affected by RFI, and it should be noted that
the Hadamard product ⊙ is applied element-wise across the
probability vectors of the antennas. After that step, we add
the top-ℓ block to pick the ℓ antennas with highest selection
probability in the antenna selection matrix Mk. Figure. 1(b)
illustrates the procedures of the proposed RaPAS.

By adopting this approach, we avoid the overly conservative
strategy of outright discarding RFI-affected antennas. In some
cases, an antenna may only be mildly affected by RFI, and
excluding it completely could degrade the overall quality of the
reconstructed image. By balancing the selection probabilities
using both the PAS and the RFI-aware block, we enable a
more nuanced compromise, allowing the PAS to optimize the
final image quality while accounting for RFI presence. A
pseudo-code implementation of the proposed PAS and RaPAS
is provided in Algorithm 1, assuming a software framework
capable of automatic differentiation.

C. Image reconstruction

The image reconstruction process generates an image from
the measured visibilities. The quality of the reconstructed
image is crucial in radio-astronomical imaging. Since image
reconstruction algorithms require significant computational
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Fig. 2: Architecture of the RFI-aware network.

resources, reducing the total number of visibilities directly
decreases the computational cost, highlighting the importance
of designing an efficient antenna switching pattern.

Modern radio-interferometric imaging requires advanced
reconstruction techniques to achieve the high dynamic range,
angular resolution, and sensitivity demanded by contempo-
rary instruments such as LOFAR, MeerKAT, and SKA. Be-
yond classical CLEAN-based approaches [40, 41], state-of-
the-art methods leverage optimisation- and inference-driven
approaches, including compressed-sensing formulations (e.g.,
SARA [42], MORESANE [43], FISTA-accelerated variants
[44]), Bayesian imaging frameworks such as RESOLVE [45],
and more recently deep-learning-based methods such as Polish
[46] and R2D2 [47]. These techniques offer improved fidelity
for extended emission, robustness to noise, and faster conver-
gence.

In this work, we adopt ISTA as a baseline optimisation
method to isolate and evaluate the contribution of the proposed
PAS and switching strategy. While ISTA is a simple and well-
known proximal-gradient algorithm, it is not representative of
the most advanced imaging techniques currently used in radio
astronomy. Its use here is therefore intended solely for proof-
of-concept validation of the proposed strategy, rather than to
achieve state-of-the-art reconstruction performance.

Let M denote the vertical concatenation of all Mk, for k =
1, 2, . . . ,K,

M =


M1

M2

...
MK

 ∈ {0, 1}nK×N .

with the same definition applied to y and H. In radio-
astronomical imaging, a basic reconstruction method applies
the inverse Fourier transform to the selected visibilities, pro-
ducing a preliminary result known as the dirty image

xdirty = Re
(
(MH)Hy

)
. (9)

It is important to stress that the dirty image is not used for
scientific interpretation, as it does not provide an accurate

reconstruction. By construction, it represents the convolution
of the true image with the point spread function of the antenna
array. It provides only an initial assessment of the quality of
the selected antenna switching pattern.

Several optimization-based algorithms have been developed
to refine the dirty image. To implement a more general imaging
approach, we formulate the image reconstruction problem as
a convex minimization problem [48]

min
x
g(x) + αR(x), (10)

where g(x) enforces data fidelity, R(x) introduces sparsity in
the reconstructed image, and α is a positive tuning parameter.
A higher value of α promotes a sparser solution, leading to
more elements of x being zero.

Considering the i.i.d. Gaussian random noise assumption
in model (1), and choosing the data-fidelity term g(x) as the
MSE loss, which corresponds to the negative log-likelihood of
the measurements, we obtain

g(x) =
1

2
∥y −MHx∥22. (11)

For the regularization term R(x), following conventional
practices in radio astronomy [49, 50], we use the ℓ1-norm
as the regularization function R(x) = ∥x∥1. Thus, the image
reconstruction problem (10) can be written as

min
x

1

2
∥y −MHx∥22 + α∥x∥1. (12)

A widely-used class of algorithms for solving the above
image reconstruction problem are gradient-based methods. For
example, the Iterative Soft-Thresholding Algorithm (ISTA)
[51] which uses an iterative proximal scheme. The updating
step for the reconstructed image is

x(t+1) = prox
αγ||x||1

(
x(t) + γ

(
HHMHε(t)

))
(13)

where 0 < γ < 2/σH, and σH is the spectral radius
of HHMHMH. The residual at iteration (t) is defined as
ε(t) = y−MHx(t). Here, the proximal operator is defined as

prox
αγ||x||1

(v)i = sgn(vi) (|vi| − αγ)+ (14)
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with (|vi| − αγ)+ = max(0, |vi| − αγ). This procedure
efficiently updates x in an iterative manner, incorporating
sparsity-inducing regularization with parameter α.

Regarding the complexity of the chosen image reconstruc-
tion method, we evaluate the computational complexity by
measuring the number of floating-point operations (FLOPs).
For the ISTA algorithm, the update rule at each iteration is
given by (13). By summing the computational costs of the
two steps for computing e(t) and x(t), the total number of
FLOPs required is given by

nite,swit(K
2Nmn+KNm+K2Nmn+K2Nn)

where nite,swit represents the number of iterations in the ISTA
algorithm with the switching strategy. Given that the number
of selected visibilities n ≫ 1 and the number of image
pixels m ≫ 1, this expression can be approximated as
2nite,switK

2Nmn.
Following the same statement, the complexity of ISTA

with full array (without switching strategy) will be
2nite,fullK

2N2m, where nite,full represents the number of it-
erations in the ISTA algorithm with full array. Thus, the ratio
of computational complexity is nite,switn

nite,fullN
. The computational

savings achieved with the switching strategy will be given in
details in the next section.

IV. NUMERICAL EVALUATION

In this section, we present numerical results to assess the
performance of the proposed approach using PAS and RaPAS
with synthetic and real radio astronomical images.

A. Implementation details

The simulations are based on the Very Large Array (VLA)
[52], a well-known radio-astronomical telescope comprising
27 antennas arranged in three branches, each containing nine
antennas. The VLA supports four configurations (A, B, C, and
D) that provide varying resolution levels across different fre-
quency bands. For this study, we employ the A configuration
and conduct narrowband observations at a frequency channel
of 300MHz over a 4 h observation period.

The training datasets consist of true images discretized into
64× 64 pixels, corresponding to a field of view (FOV) 3.16′′

(arc-second). These images are then vectorized, resulting in
x ∈ R4096 in the model (1). For each discretized true image
x, the corresponding true visibilities rk, where k = 1, . . . , 4,
are generated to represent four observation blocks (K = 4).
To simulate real-world conditions, additive white Gaussian
noise with zero mean and variance σ2 is introduced into the
visibilities. The noise variance σ2 is kept consistent across all
observation blocks.

The architecture of the RFI-aware block is illustrated in
Fig. 2. Specifically, the model begins with three 2-D con-
volutional layers: the first maps the 2 input features to 64
channels using a 3×3 kernel, followed by batch normalization,
ReLU activation, and 2×2 max pooling. A second 64-channel
convolution block (3×3 kernel, batch normalization, ReLU,
and max pooling) further reduces the spatial dimension. A
third 64-channel convolution is applied with padding of 1 to

Algorithm 1: Probabilistic Antenna Switcher (PAS)
and RFI-aware PAS (RaPAS)
Input: Training dataset D; number of images in the

dataset nD; temperature parameter τ ; initial
parameters ψk; number of observational
snapshots K; number of ISTA iterations niter;
Trained RFI-detection network NRFI.

Output: Trained logits vectors {ψk}Kk=1.
1 for i← 1 to nD do
2 Sample a mini-batch xi from D;
3 for k ← 1 to K do

// Forward model: simulate
snapshot measurements

4 Simulate measurement: rk = Hkxi + nk;
// RFI-aware or standard logits

5 Draw Gumbel noise ek ∼ Gumbel(0, 1);
6 if RaPAS is enabled then
7 Obtain RFI probabilities from the

RFI-detect module pRFI
k = NRFI(rk);

8 Compute RFI-aware logits:
pk = ψk ⊙ (1− pRFI

k );
9 else

10 Set pk = ψk;
11 end

// Gumbel-Softmax relaxation
12 mG

k = softmax((pk + ek)/τ);
// Hard top-ℓ selection

(non-differentiable)
13 mhard

k = top ℓ(mG
k );

// Straight-through estimator
14 mk = mhard

k .detach() +mG
k −mG

k .detach();
// Construct switching matrices

15 Mk = ζ(diag(mk ⊗mk));
16 Apply switching: yk = Mkrk;
17 end

// Image reconstruction using ISTA
18 for t← 1 to niter do
19 x(t+1) = proxαγ∥·∥1

(
x(t) + γHHMHε(t)

)
;

20 end
21 Compute MSE loss: Li = ∥xi − x̂i∥22;
22 Update PAS logits {ψk} using Adam optimizer;
23 end

preserve the 5×5 resolution, followed again by batch normal-
ization and ReLU. The resulting feature maps are flattened
into a 64×5×5 dimensional vector, which is passed through
two fully connected layers: the first with 512 units and ReLU
activation, and the second with 128 units and ReLU activation.
A final linear layer projects the features to a vector of size
27, providing the model’s output, per-antenna contamination
probabilities.

As a way of assessing the fidelity of the reconstructed
image and the performance of our proposed antenna switcher,
we use two metrics. The first is the normalized mean square
error (NMSE) defined as ∥x̂− x∥2/∥x∥2, where x̂ denotes the
reconstructed image and x represents the ground truth image.
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NMSE measures pixel-wise error, making it particularly sensi-
tive to misalignments or translations of the image. Since we are
concerned here with small distortions to the galaxy shapes, we
additionally employ a more perception-based metric known as
the Structural Similarity Index Measure (SSIM) [53]. Unlike
NMSE, SSIM compares various windows within an image
to assess the statistics of those regions, rather than directly
computing absolute differences in pixels. The SSIM is defined
as:

SSIM (x, x̂) =
(2µxµx̂ + c1)(2σxx̂ + c2)

(µ2
x + µ2

x̂ + c1)(σ2
x + σ2

x̂ + c2)
, (15)

where µx and µx̂ are the local mean values of the ground truth
and reconstructed images, respectively, computed over a ls×ls
neighborhood. σ2

x and σ2
x̂ are the local variances, and σxx̂ is

the local covariance. c1 = (k1D)2 and c2 = (k2D)2 are con-
stants to stabilize the division, where D is the dynamic range
of pixel values, and k1 and k2 are user-defined parameters.

For our implementation, we use the default parameters
provided by the PIQA Python library: k1 = 0.01, k2 = 0.03,
and a window size of 7× 7. These settings ensure stable and
reliable SSIM computation. We use both NMSE and SSIM to
evaluate the performance of PAS.

B. Training

We train the proposed PAS using synthetic sky images.
The training images are composed of Gaussian ellipsoids,
which corresponds to the prior we have in the images. The
number of sources in each sky image is sampled from a
Poisson distribution with a mean of 11 sources per image. The
fluxes of the sources are drawn from a uniform distribution in
the range 0 to 10 Jansky (Jy). The additive Gaussian noise
level was fixed to σ = 1, corresponding to an input SNR
of approximately 30 dB. Each image used K = 4 snapshot
blocks. The dynamic range of the ground-truth images ranged
between 200 and 250, which is the contrast between the
brightest and faintest pixels.

During training, the dataset with 5000 images is shuffled
at the beginning of each epoch to ensure robust learning. The
generated dataset is split into 80% for training and 20% for
cross validation. The function d(·, ·) in (4a), used to evaluate
the distance between the reconstructed and true images, is the
mean square error loss.

To demonstrate the superiority of the proposed PAS over
the recent CRB-BTB switching pattern [26], we conduct
simulations with a total of L = 27 antennas. We evaluate
the performance for different numbers of selected antennas,
specifically ℓ = 9, 12, 15, 18. To ensure a fair comparison,
we also design Kswit = 2 different subarray configurations,
denoted as {Mi,Kswit}, i = 1, . . . ,Kswit. It is important to note
that, in practice, up to K switching patterns can be designed,
meaning that each observation can have a corresponding (often
different) switching pattern. In our setup, for the sake of
simplicity and in order to compare the proposed scheme with
the CRB-BTB switching scheme, the sequence of subarray

configurations corresponding to M1 →M2 →M3 →M4 is
given by

M1,2︸ ︷︷ ︸
k=1

→M2,2︸ ︷︷ ︸
k=2

→M1,2︸ ︷︷ ︸
k=3

→M2,2︸ ︷︷ ︸
k=4

Each switching pattern {Mi,Kswit}, i = 1, . . . ,Kswit has a
PAS trained within the framework depicted in Fig. 1. As a
common choice in radio astronomical imaging problems [48],
the step size in the ISTA image reconstruction algorithm
(13) is set to γ = 1.98/σH, where σH is the largest
eigenvalue of HHMHMH, as previously stated. It should
be noted that σH depends on the current switching pattern
{Mi,Kswit}, i = 1, . . . ,Kswit. The regularisation parameter
α was selected empirically using a small validation set of
synthetic images. The chosen value provided a good trade-
off between noise suppression and structural fidelity. Once
selected, α was kept fixed during both PAS training and
evaluation to ensure consistency across all experiments. We
used α = 100. The number of iteration of ISTA is fixed to
nite = 10. The entire training process is conducted using the
Adam optimizer implemented in PyTorch, with a learning rate
of 1× 10−3. Training converges within 100 epochs.

A high value of temperature τ in eq (7) produces smooth
probability distributions and stable gradients, whereas a low τ
yields sharper, near-discrete selections. In our implementation,
we employ an exponential annealing schedule starting from
τ0 = 1 and decaying to a minimum value of τmin = 0.01 over
the course of training. This strategy allows PAS to first explore
a wide range of candidate subarrays before progressively
converging toward harder selections. We also conducted a
sensitivity study and observed that PAS remains robust to mod-
erate changes in the schedule: excessively high temperatures
slow convergence, while prematurely low temperatures can
destabilise the gradient flow. The adopted schedule therefore
offers a well-balanced trade-off between stability and selection
sharpness.

C. Simulation results

1) Simulation 1: performance without RFI: This simula-
tion evaluates the performance of the proposed PAS under
Gaussian white noise, which simulates thermal noise added to
the visibilities. The reconstruction performance is compared
across the methods: (1) Full array: Using all antennas without
selection. (2) Random switching: Randomly selecting two
subarray configurations. (3) CRB subarray: Without switch-
ing. The CRB is computed following [10], and the resulting
subarray design favours antennas located at the extremities of
the array branches. (4) BTB subarray: Without switching. (5)
CRB-BTB switching: Recent subarray selection techniques
[17]. (6) PAS switching: The proposed deep learning-based
probabilistic antenna switcher. (7) RaPAS switching: The
proposed RFI-aware PAS.

An example comparison of reconstructed synthetic images
under thermal noise selecting ℓ = 15 antennas for different
methods is shown in Fig. 3(a). Quantitative reconstruction
performance is evaluated using NMSE and SSIM. The results,
averaged over 500 Monte Carlo simulations, are summarized
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(a) Synthetic sky images (b) Galaxy M31

Fig. 3: Different reconstructed images without RFI using the ISTA algorithm after 10 iterations with different methods selecting
ℓ = 15 antennas: Full array (without switching): using all antennas without selection, PAS switching (proposed), RaPAS
switching (proposed), CRB-BTB switching, BTB subarray without switching, and CRB subarray without switching. As
expected, the RaPAS method does not affect the quality of antenna subarray switching or image reconstruction when only
thermal noise is present.

in Fig. 5. We further validate the proposed PAS on a real radio-
astronomical image of M31, focusing on the H2 region [43].
This image has been previously used to investigate radio-
astronomy imaging algorithms [49, 50]. The reconstruction
results with ℓ = 15 antennas are presented in Fig. 3(b).
The proposed PAS consistently outperforms CRB-BTB-based
switching patterns, achieving significantly lower NMSE and
higher SSIM values. These results demonstrate the superior

reconstruction capability of the PAS approach. Notably, for
RaPAS, the additional RFI-aware block does not degrade the
performance of PAS in the presence of thermal noise alone.

2) Simulation 2: Performance under strong RFI: To simu-
late the impact of strong RFI noise, we add extreme noise to
two randomly selected antennas in the full 27-antenna VLA
array, in addition to Gaussian white noise. Statistically, the
amplitude of the RFI noise exceeds three standard deviations
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(a) Synthetic sky images (b) Galaxy M31

Fig. 4: Different reconstructed images with RFI contamination using the ISTA algorithm after 10 iterations with different
methods selecting ℓ = 15 antennas: Full array (utilizing all antennas, including RFI-affected ones), PAS switching (proposed),
RaPAS switching (proposed), CRB-BTB switching, BTB subarray without switching, CRB subarray without switching
and Full-Clean array (excluding all RFI-affected antennas as a reference). As expected, the PAS method alone does not
perform well in terms of image reconstruction quality when RFI is present.
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(a) (b)

(c) (d)

Fig. 5: Reconstruction performance: (a) NMSE and (b) SSIM of synthetic images in the absence of RFI, evaluated for different
numbers of selected antennas: ℓ = 9, 12, 15, 18 out of L = 27 total antennas. The ISTA algorithm was run for 10 iterations,
and results were averaged over 500 Monte Carlo simulations. (c) and (d) show the boxplots of NMSE and SSIM, respectively,
comparing different methods for ℓ = 12 selected antennas. As expected, the RaPAS method does not affect the quality of
antenna subarray switching or image reconstruction when only thermal noise is present.

of the Gaussian noise, ensuring it remains distinguishable from
the Gaussian noise distribution. This amplitude, referred to as
the RFI factor, is set to 10. To evaluate the effectiveness of
the RFI exclusion functionality, the two RFI-affected antennas
are randomized for each switching block to test the robustness
of the RFI exclusion functionality.

The training dataset for the RFI-aware block is derived
from the previously described Gaussian dataset, with RFI
noise added using the same RFI factor of 10. The RFI-
aware block is trained in a supervised manner using the
Binary Cross Entropy (BCE) loss, comparing the predicted
probabilities of contamination with the ground-truth labels (1
for the contaminated antennas and 0 for the others). Training is
performed in PyTorch with the Adam optimizer and a learning
rate of 1 × 10−5, and typically converges within 50 epochs.
Once trained, the RFI-aware block is incorporated into the

RaPAS framework. In addition to the previously described
methods, a new case is included: Full-Clean array: Using
all antennas without any RFI contamination.

An example comparison of reconstructed synthetic images
corrupted by RFI selecting ℓ = 15 antennas is shown in
Fig. 4(a). Figure 6 summarized the NMSE and SSIM metrics,
averaged over 500 Monte Carlo trials, for different recon-

struction methods with synthetic images. The reconstructed
M31 image using the proposed RaPAS method with ℓ = 15
antennas is presented in Fig. 4(b). The proposed RaPAS
method effectively mitigates the impact of RFI, resulting in
significantly fewer artifacts in the reconstructed images. It
achieves substantially lower NMSE and higher SSIM values
compared to the Full array case (which includes RFI-affected
antennas) and performs comparably with the Full-Clean array
case (excluding RFI-affected antennas). These results demon-
strate the superior RFI-mitigation capabilities of the RaPAS
approach.

3) Summary: In the absence of RFI, the results in Fig. 5
show that for all configurations with different numbers of
selected antennas, the proposed PAS strategy consistently
outperforms all other tested methods. This advantage is par-
ticularly significant when the number of selected antennas is
small compared to the total number of available antennas.
In this regime, PAS demonstrates its potential, compared to
the recently proposed CRB-BTB switching strategy in the
literature.

In the presence of RFI contamination, as shown in Fig. 6, as
expected, the proposed PAS alone is not sufficient to mitigate
the interference. Its performance is limited by the use of
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(a) (b)

(c) (d)

Fig. 6: Reconstruction performance: (a) NMSE and (b) SSIM of synthetic images under RFI contamination, evaluated for
different numbers of selected antennas: ℓ = 9, 12, 15, 18 out of L = 27 total antennas. The ISTA algorithm was run for 10
iterations, and results were averaged over 500 Monte Carlo simulations. (c) and (d) show the boxplots of NMSE and SSIM,
respectively, comparing different methods for ℓ = 12 selected antennas. As expected, the PAS method alone does not perform
well in terms of image reconstruction quality when RFI is present.

the full array, which includes the contaminated antennas. In
contrast, the proposed RaPAS method effectively handles RFI.
From a moderate number of selected antennas (e.g., 12 out
of 27 in our simulation), RaPAS shows strong performance.
Remarkably, from 12 selected antennas onward, RaPAS can
outperform the full-array configuration (27 antennas, including
2 contaminated ones).

Regarding the random selection method, although its aver-
age performance is acceptable, it suffers from high variance,
as shown in Fig. 5(c), Fig. 5(d), Fig. 6(c) and Fig. 6(d). This
large variability means that, in practice, it cannot be considered
a reliable or practical strategy.

D. Energy reduction

To analyze the reduction in energy consumption achieved
by our proposed method, we consider two aspects: the antenna
level and the Science Processing Center (SPC) level. By
reducing the number of active antennas, power consumption
can be directly decreased, either by deactivating antennas
or switching them to a low-power mode (reducing power
consumption to less than 5% of their nominal consumption)
[54]. Since fewer antennas are in use, fewer measurements
(visibilities) are generated, leading to reduced computational

requirements for imaging algorithms. This, in turn, lowers the
energy consumption at the SPC level.

For the case of ℓ = 15 selected antennas, the computational
load at the antenna level reduces to ℓ

L = 15
27 = 55.5%

of the initial consumption, yielding a 44.5% energy saving.
At the scientific computing level, which concerns imaging
algorithms, assuming the same number of ISTA iterations for
both the switching and full array cases, the computational
load ratio becomes n

N = ℓ(ℓ−1)
L(L−1) = 29.9%, implying a 70%

energy saving. Furthermore, this computational reduction is
accompanied by a decrease in hardware requirements due to
the reduction in data flow, proportional to the visibility ratio,
i.e., n

N = 29.9%, which represents a 70% reduction in data
flow.

E. Extension to the case Kswit > 2

The proposed PAS framework is compatible with an arbi-
trary number of switching configurations per snapshot, denoted
Kswit. Each configuration is learned independently through a
dedicated logits vector ψk, and the switching masks {mk}Kswit

k=1

are applied sequentially to the corresponding measurements.
In the above part, we primarily consider Kswit = 2 as a
representative setting, to do a direct comparison with the
bound-based deterministic switching patterns.
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(a) Synthetic images (b) Galaxy M31

Fig. 7: Reconstructed images in the absence of RFI using the ISTA algorithm after 10 iterations with different methods selecting
ℓ = 15 antennas on (a) Synthetic images and (b) Galaxy M31: Full array, PAS switching (Kswit = 2), and PAS switching
(Kswit = 4).

(a) (b)

(c) (d)

Fig. 8: Reconstruction performance of the PAS switching method for different values of Kswit : (a) NMSE and (b) SSIM of
synthetic images in the absence of RFI, evaluated for different numbers of selected antennas: ℓ = 9, 12, 15, 18 out of L = 27
total antennas. The ISTA algorithm was run for 10 iterations, and results were averaged over 500 Monte Carlo simulations.
(c) and (d) show the boxplots of NMSE and SSIM, respectively, comparing different methods for ℓ = 12 selected antennas.
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To assess the generalisability of the PAS framework, we
additionally evaluated PAS with Kswit = 4 in the absence of
RFI, while keeping all training conditions identical to those
used for Kswit = 2, as illustrated in Fig. 5. To facilitate a
clear comparison, we do not replicate the results of all other
methods in Fig. 5; instead, we retain only the PAS results for
Kswit = 2 and Kswit = 4, together with the full-array baseline.

An example of reconstructed synthetic images and M31
for the PAS Kswit = 2 and Kswit = 4 is shown in Fig. 7.
Quantitative reconstruction performance on synthetic data is
evaluated using NMSE and SSIM. The results, averaged over
500 Monte Carlo simulations and summarized in Fig. 8, show
that the proposed PAS switching strategy continues to yield
consistent improvements in both NMSE and SSIM as the
number of switching configurations increases (from Kswit = 2
to 4). This behaviour is consistent with the design of PAS, as
additional switching patterns increase the diversity of sampled
baselines without requiring modifications to the underlying
optimisation pipeline.

Overall, the proposed method scales naturally to Kswit > 2,
and these results further support the generalisability of PAS to
more complex acquisition settings. It should also be noted that
as the number of selected antennas ℓ increases, particularly
when it exceeds half of the total number of antennas, the
performance gain achieved by switching progressively dimin-
ishes.

V. CONCLUSIONS

This paper presents a deep learning framework for optimiz-
ing antenna subarray switching patterns while considering the
image reconstruction process in radio-astronomical imaging.
The proposed probabilistic antenna switcher (PAS) is enhanced
with a RFI processing network, which assesses the likelihood
of RFI contamination for each antenna and incorporates this
information into the selection process. To evaluate the perfor-
mance of the proposed PAS and RFI-aware PAS (RaPAS),
we considered a switching pattern between two subarrays.
We assessed their effectiveness under both thermal noise and
RFI noise. The results demonstrate that PAS achieves superior
reconstruction quality compared to the recent CRB-BTB-based
switching patterns. Additionally, RaPAS effectively mitigates
the impact of RFI noise. The findings also highlight the ability
of our approach to reduce computational resources compared
to using the full array.

Future work will focus on relaxing the assumption of
perfectly calibration measurement model. A natural extension
is to replace the imaging block with a joint calibration and
imaging method [55]. In addition, future studies will expose
PAS to more diverse and realistic simulation conditions to en-
sure reliable performance across varying uv-coverage patterns
and noise levels. Finally, replacing the RFI detection module in
RaPAS with predictive inference models of interference could
enable online antenna selection, thereby achieving acquisition-
stage reduction, without requiring full visibility computation.
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