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ABSTRACT

Context. The third data release (DR3) of the LOFAR Two-metre Sky Survey (LoTSS) provides an unprecedented view of the northern
sky at 144 MHz, containing more than 13 million radio sources. While compact sources can be efficiently identified with automated
software packages, the detection of diffuse radio emission associated with galaxy clusters still requires dedicated processing and
visual inspection. Given the scale of current and forthcoming radio surveys, automated approaches based on artificial intelligence are
becoming essential to the identification of the most interesting targets.

Aims. We aim to develop an automated pipeline to construct a catalogue of galaxy clusters hosting diffuse radio emission from
LoTSS-DR3 20” images. The pipeline is designed to provide both the probability that a cluster hosts diffuse radio emission and an
interpretable image of its shape and morphology.

Methods. We employed Radio U-Net, a convolutional neural network optimised for image segmentation (i.e. pixel-level identification)
of diffuse radio emission. To associate detected emission with individual clusters, we combined the network output with positional,
mass, and redshift information from four X-ray- and Sunyaev—Zeldovich-selected cluster catalogues, resulting in a merged sample of
3822 clusters covered by the LoTSS-DR3.

Results. We produced a pixel-level segmentation map of the full LoTSS-DR3 and a quantitative indicator (R value) for the presence
of diffuse radio emission in each cluster. This enables the selection of sub-samples with specific properties for targeted follow-up
or statistical studies. As a demonstration of the first application, we identified a sub-sample of 357 clusters selected at the highest
network accuracy (76%), and we showed some examples of newly detected systems. For the second, using a larger statistical sample,
we verified that the detection fraction of diffuse radio sources in the four catalogues increases with the mass and decreases with
redshift of the clusters.

Conlcusions. This work establishes a flexible and scalable framework for deep learning-based searches for diffuse radio emission in

new-generation wide-area radio surveys.
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1. Introduction

Galaxy clusters represent the largest gravitationally bound struc-
tures in the Universe and form at the nodes of the cos-
mic web, a vast network of filaments on megaparsec scales
through which matter accretes. The thermal plasma that fills
galaxy clusters, known as the intracluster medium (ICM), is
permeated by weak magnetic fields (typically 0.1-10 uG, see
Govoni & Feretti 2004, for a review). During structure forma-
tion, mergers and accretion processes drive shocks and tur-
bulence that can accelerate particles to relativistic energies
(Briiggen et al. 2012; Brunetti & Jones 2014), producing syn-
chrotron radiation detectable at radio wavelengths and thereby

* Corresponding author: ccstuardi@gmail . com

revealing the presence of magnetic fields and relativistic elec-
trons in the ICM.

Diffuse radio sources in galaxy clusters — such as giant
radio halos, mini-halos, radio relics, and revived fossil plasma
sources — are key tracers of these non-thermal components
(van Weeren et al. 2019). Historically, these sources have been
identified in surveys and then studied through targeted obser-
vations of individual systems (e.g. Ferettietal. 2012). In
recent years, the advent of new-generation low-frequency
interferometers such as the Low Frequency Array (LOFAR;
van Haarlem et al. 2013), MeerKAT (Jonas & MeerKAT Team
2016), the Australian Kilometre Array Pathfinder (ASKAP;
Hotan et al. 2021), and the Murchison Widefield Array (MWA,;
Tingay et al. 2013) has dramatically improved our capability to
detect faint and extended radio emission. Diffuse radio sources
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typically have a surface brightness of S| 4gu, < 1wy arcsec™?

at 1.4 GHz and become brighter at lower observing frequencies
(v) due to their steep radio spectrum (@ > 1, with S, oc v™%).

In particular, LOFAR was used to perform a system-
atic search for diffuse cluster radio emission at frequencies
below 200MHz in a mass-selected sample of 309 clusters
(Botteon et al. 2022). This work has provided the largest col-
lection to date, listing 138 clusters with diffuse radio emis-
sion (radio relics, radio halos, or sources with uncertain clas-
sification) and allowed subsequent statistical studies aimed at
understanding the origin of the detected sources (Cuciti et al.
2023; Cassano et al. 2023; Jones et al. 2023; Bruno et al. 2023).
Other recent collections include the MeerKAT Galaxy Cluster
Legacy Survey (Knowles et al. 2022; Kolokythas et al. 2025),
with 62 galaxy clusters hosting diffuse radio emission, and
a pilot collection of 37 clusters in the Evolutionary Map of
the Universe (EMU), performed with ASKAP (Duchesne et al.
2024). With the upcoming Square Kilometre Array (SKA;
Dewdney et al. 2009), the number of known diffuse sources is
expected to increase by orders of magnitude (e.g. Nuza et al.
2012; Cassano et al. 2015). More quantitatively, SKA1-Low is
predicted to detect up to ~2600 radio halos out to z ~ 0.6
(Cassano et al. AASKAII), while the approximate number of
detected radio relics will be ~1000 (Pal et al. AASKAII) in
the southern hemisphere. This increase will require robust auto-
mated methodologies for the detection of these sources.

Traditional approaches to identifying diffuse radio emission
in galaxy clusters have typically relied on manual or highly cus-
tomised data reduction procedures and visual inspection (see
e.g. Giovannini et al. 2020; Botteon et al. 2022; Knowles et al.
2022). However, given the scale of modern surveys, these meth-
ods are no longer feasible, owing both to the increase in the
number of sources and to the computational cost and effort
required for extensive data reprocessing. Robust identification
often requires cross-matching with multi-wavelength data (opti-
cal, X-ray, and Sunyaev-Zeldovich observations) to confirm
associations with galaxy clusters, while spectro-polarimetric
analyses are necessary in many cases to firmly establish the
nature of the detected sources. While human validation will
likely remain essential, the development of automated, robust,
and efficient detection techniques is crucial to fully exploit the
scientific potential of upcoming high-volume datasets.

In recent years, deep learning (DL) techniques have emerged
as powerful tools for astronomical image analysis, enabling
automated source detection, classification, and segmentation
(here, segmentation refers to the pixel-by-pixel identification of
regions associated with specific astrophysical emission). Convo-
lutional neural networks have been successfully applied to radio
astronomical images, in particular to solve the task of source
detection (e.g. Lukic et al. 2019; Riggi et al. 2023; Sortino et al.
2023; Cornu et al. 2024) and for the classification of radio
galaxies (e.g. Riggietal. 2024; Guptaetal. 2024; Lao et al.
2025). LOFAR images of radio galaxies have also been anal-
ysed using self-supervised learning (Mostert et al. 2021, 2023;
Baron Perez et al. 2025).

The application of DL techniques to the detection and seg-
mentation of diffuse radio emission is still relatively unex-
plored, primarily due to the limited number of known sources.
Supervised networks require large training datasets, which, in
the absence of sufficiently extensive observational samples, can
be supplemented with simulated data. Early applications of
DL to the recognition of diffuse radio emission in cosmologi-
cal simulations were presented by Gheller et al. (2018), while
Gheller & Vazza (2022) developed DL methods for the denois-
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ing of radio images. The Radio U-Net model (Stuardi et al.
2024) has been successfully developed and optimised for the
segmentation of diffuse cluster emission, and it was recently
applied to LOFAR images for the first time, demonstrating a
high performance in recovering extended low-surface-brightness
structures at the detection limit (Stuardi et al. 2025). The appli-
cation of vision transformers to the segmentation of diffuse radio
emission in LOFAR images has been explored in Sanvitale et al.
(2025), and other recent works applying DL to the detection of
diffuse radio emission in galaxy clusters include Mishra et al.
(2025) and Etsebeth et al. (2026).

In this paper, we apply Radio U-Net to the third data
release of the LOFAR Two-metre Sky Survey (LoTSS-DR3;
Shimwell et al. 2026), which covers 88% of the northern sky
at 144 MHz. Our goal is to develop an automated DL-based
pipeline capable of processing the full LoTSS-DR3 dataset and
cross-matching the detected diffuse radio emission with four
widely used galaxy cluster catalogues. The resulting merged
catalogue provides a quantitative indicator of the presence of
diffuse radio emission in each cluster, while the corresponding
segmentation maps identify the location and morphology of the
emission. At this stage, we do not make any attempt to automati-
cally distinguishing different types of diffuse radio emission (e.g.
radio relics, radio halos, revived fossil plasma), leaving source
classification and the construction of science-ready catalogues as
a task for potential users (e.g. Di Gennaro et al., in prep.). This
approach is designed to provide a flexible and extensible frame-
work for the systematic exploration of diffuse radio emission
in galaxy clusters with current and future low-frequency radio
surveys.

The paper is structured as follows: In Sect. 2 we introduce
the four galaxy cluster catalogues used for cross-matching and
explain our strategy to create a merged catalogue. In Sect. 3 we
describe survey data, the machine learning algorithm, and the
detection pipeline. In Sect. 4 we give an overview of the resulting
catalogues and segmentation maps, while results are discussed in
Sect. 5. We conclude and summarise our work in Sect. 6. Addi-
tional materials are collected in Appendices A, B, and C.

2. A merged ICM-selected catalogue of galaxy
clusters

In order to associate diffuse radio emission with individual
galaxy clusters, physical information such as cluster position,
redshift, and mass is required. In particular, cluster mass is a
key parameter in models of diffuse radio source formation, and
it is essential for statistical studies of their occurrence (e.g.
Cassano et al. 2007; Nuza et al. 2012; Cuciti et al. 2015). For
this work, we made use of reliable mass estimates provided by
cluster catalogues based on either Sunyaev—Zeldovich detections
or X-ray measurements of the thermal emission from the ICM.
We used the following four catalogues:

— The second Planck Sunyaev—Ze’ldovich cluster catalogue
(PSZ2, Planck Collaboration XXVII 2016), with redshift
updates from optical follow-ups (Buddendiek et al. 2015;
Burenin 2017; Bureninetal. 2018; Barrena et al. 2018;
Streblyanska et al. 2018, 2019; Aguado-Barahona et al.
2019; Boada et al. 2019; Zohren et al. 2019; Bahk & Hwang
2024). This catalogue contains 1334! clusters in the full sky
and spans the redshift range 0.01 < z < 0.972.

! The catalogue contains additional 319 clusters with no redshift infor-
mation and therefore were not included in the final count.
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Fig. 1. Mass versus redshift plot of the 3822 galaxy clusters in the
LoTSS-DR3 area after the merging of the four catalogues (ACT-DRS,
1eRASS, MCXC2, PSZ2). Following our selection criteria, only clus-
ters with a mass above 10'* M, were considered. In Appendix A, we
show the plot of the individual catalogues before the merging.

— The fifth data release of the Atacama Cosmology Telescope
cluster catalogue (ACT-DRS; Hilton et al. 2021). This cat-
alogue spans mostly in the Southern Hemisphere (Dec <
+20°, for a total of 13 168 deg?) and contains 4,195 optically
confirmed Sunyaev—Zeldovich-selected galaxy clusters. The
catalogue is 90% complete for masses Msp. > 3.8x10'* M,
and covers a redshift range of 0.04 < z < 1.91.

— The second Meta-Catalogue of X-ray detected Clusters of
galaxies, compiled from publicly available ROSAT All-Sky
Survey and serendipitous X-ray cluster catalogues (MCXC2;
Sadibekova et al. 2024), which contains 2221 clusters in the
redshift range 0.003 < z < 1.261. This catalogue updates the
information on redshift, X-ray luminosity in the 0.2-2.4 keV
range, and false detections provided by Piffaretti et al.
(2011) in the first release, and additionally includes clus-
ter members from the REFLEX-II (Bohringer et al. 2013),
MACS (Mann & Ebeling 2012; Repp & Ebeling 2018), and
RXGCC (Xu et al. 2022) catalogues.

— The first SRG/eROSITA All-Sky Survey cluster cata-
logue (1eRASS; Bulbul et al. 2024). This catalogue con-
tains 12,247 optically confirmed galaxy groups and clus-
ters detected in the 0.2-2.3 keV range located in the western
Galactic half of the sky (13 116 deg?). The redshift range is
0.003 < z < 1.322.

For the systems with available redshift information, we com-
puted the corresponding Rsoo starting from the original mass
given in the catalogue (Msg0%) and assuming a standard flat
ACDM cosmology with Hy = 70kms~' Mpc™' and Qy = 0.3.
The same cosmology was also used to convert the physical size
of Rsop into an angular scale. Duplicates across catalogues were
merged when the separation of the two pairs matched within
their 0.5R50o and their redshifts were consistent within the sum
in quadrature of the two errors (i.€. |z; — 22| < V/(Az1)? + (Az2)?).
When no redshift error was provided in the catalogue, we

2 Msy is defined as the total mass enclosed within a radius (Rsgg)
where the mean density of the cluster is 500 times the critical density of
the Universe at the cluster redshift.

Table 1. Galaxy clusters in the four catalogues.

CatalOg ue N LoTSS-DR3 N merged N merged R
PSZ2 686 686 626
ACT-DRS 1699 1617 1305
MCXC2 874 564 514
1eRASS 1324 955 922
Total 4853 3822 3367

Notes. Column 1: Catalogue name and total count. Column 2: Number
of galaxy clusters within the LoTSS-DR3 area with Msoy > 10" M.
Column 3: Number of galaxy clusters in the merged catalogue created
as described in Sect. 2. Column 4: Number of galaxy clusters from
the merged catalogue having an estimate of the R value derived from
the segmentation map (i.e. observed in a mosaic of quality O or 1, see
Sect. 4).

adopted a photometric uncertainty® of Az = 0.01 x (1 + z). The
grouping procedure followed the order of catalogues listed above
so that all PSZ2 clusters are retained in the final catalogue, while
ACT-DRS clusters are included only if not already matched to
PSZ2 entries, and similarly for MCXC2 and 1eRASS. All alter-
native names are kept in the merged catalogue. We note that
some residual duplications may still be present, due to slight dis-
crepancies in redshift estimates or positional information among
the original catalogues.

From this large ICM-selected catalogue, we selected only the
systems with mass Msoy > 10'* M, that fall in the LoTSS-DR3
footprint. The final merged catalogue contains 3822 galaxy clus-
ters, and the number of clusters belonging to each catalogue is
listed in Table 1. Their mass-redshift distribution is shown in
Fig. 1 while their position is shown in Fig. 2, overlaid on the
Global Sky Model at 144 MHz derived by Zheng et al. (2017)
with PyGDSM®. The four catalogues are not uniformly repre-
sented in the sample and are also unevenly distributed in the
LoTSS-DR3 sky area, with the largest ACT-DRS sample cover-
ing only the low-declination region by construction of the ACT
survey.

3. Methods

In this section, we describe the methods that we have used to
provide information on the presence of diffuse radio emission
for each cluster in the merged catalogue created in Sect. 2.
In particular, we first describe the LoTSS-DR3 (Sect. 3.1)
and the main characteristics of the Radio U-Net architecture
(Sect. 3.2), together with its implementation to process LoTSS-
DR3 data and quality assessment of resulting segmentation maps
(Sect. 3.3). In Sect. 3.4, we introduce the detection pipeline
implemented to generate the final catalogue starting from the
merged catalogue of galaxy clusters.

3.1. The LOFAR Two-metre Sky Survey third data release

The LoTSS is a wide-area 120-168 MHz survey aiming to
cover the entire northern sky. Three partial LoTSS data releases

3 This is a rough estimate based on the fact that standard photometric
redshift surveys report an uncertainty of ~0.03—0.05 X (1 + z) for indi-
vidual galaxies (e.g. Beck et al. 2016; Wen & Han 2024), and that the
cluster redshift is determined from ~15-25 member galaxies, reducing
the uncertainty by a factor of ~4-5.

4 https://github.com/telegraphic/pygdsm?tab=
readme-ov-file
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Fig. 2. Position of the 3822 galaxy clusters in the merged catalogue described in Sect. 2 overlaid on the Global Sky Model at 144 MHz derived
by Zheng et al. (2017). The colour and shape of the markers represent different galaxy cluster catalogues, as explained by the legend. The black

contours show the LoTSS-DR3 footprint.

have been published in the past years: a preliminary data
release (Shimwell et al. 2017), and two full-quality releases,
DR1 and DR2 (Shimwell et al. 2019, 2022). These releases pro-
vide Stokes 7, Q, U, and V images, associated catalogues, and
calibrated uv-data. The DR2 covered approximately 27% of the
northern sky.

The recent DR3 (Shimwell et al. 2026) extends the sky cov-
erage to 88% of the northern hemisphere, collecting 12950
hours of observations over a period of 10.5 years. The final
120-168 MHz continuum images have angular resolution of 6”
above declination 10°, increasing to 9” between 0° and 10°.
The median rms sensitivity of the mosaics is 92 uJy beam™!,
improving to 68 uJy beam™! at high elevation but degrading to
183 uJy beam™! near the celestial equator, primarily due to pro-
jection effects that reduce the effective station collecting area.
Low-resolution images with a common 20" resolution across the
whole area are also released.

Upon completion, LoTSS will consist of 3168 individual
pointings. The LoTSS-DR3 includes all fields observed before
the suspension of LOFAR operations in September 2024 for
the LOFAR 2.0 upgrade, excluding most of those within 10°
of extremely bright radio sources (Cassiopeia A, Cygnus A,
Virgo A, Taurus A, and Hercules A) which produce severe con-
tamination in their surrounding fields. In total, 2551 pointings
are included in DR3.

In many cases, the LoTSS-DR2 images are directly reused
in DR3 (85% of DR2 pointings), whereas in others the images
have been reprocessed using updated calibration pipelines or
extended with additional observations. As with DR2, mosaics
are constructed from a weighted combination of all datasets con-
tributing to a given sky position, with the weighting determined
by the local rms noise and the LOFAR primary beam response.
Although DR3 adopts a revised mosaicking strategy designed
to optimise the combination of overlapping observations, in this
work, we used mosaics created with the same strategy as in DR2
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(i.e. having the same size and name as individual LoTSS point-
ings) since the analysis was developed before the implementa-
tion of the new approach. Since mosaics can be formed at any
position on the sky, this choice does not affect the quality of the
data.

While LOFAR is well suited to detect extended and dif-
fuse radio emission, thanks to its excellent uv-coverage at the
shortest baselines, the automated calibration and imaging strat-
egy adopted for the LoTSS is not optimised for such emis-
sion. As outlined by Shimwell et al. (2022), it is unavoidable
that extended low-surface-brightness emission is occasionally
not recovered by the deconvolution algorithm during calibration,
leading to a partial suppression of its flux if the unrecovered
flux is significant compared to the total in the field. Further-
more, if the emission is not completely deconvolved in the final
image, its apparent brightness can be different from the real
one (see section 3.4 of Shimwell et al. 2022, for a quantifica-
tion of this effect). The latter effect is mitigated in low-resolution
images at 20, where diffuse radio emission is generally
deconvolved.

When measuring the flux densities of diffuse radio sources,
dedicated pipelines are required for accurate source extrac-
tion and self-calibration of individual targets (van Weeren et al.
2021). This approach was adopted, for example, for the sam-
ple of 309 galaxy clusters from the PSZ2 catalogue within
the LoTSS-DR2 area (hereafter, the LoTSS-DR2/PSZ2 sam-
ple), presented by Botteon et al. (2022). Applying such a pro-
cedure to a single galaxy cluster observed in four pointings
may require 24-36 hours on a machine with 512 GB of RAM
and 64 AMD cores, with the total processing time scaling lin-
early with the number of clusters. Consequently, the selection
of the most suitable targets in LoTSS-DR3 for further process-
ing with this dedicated pipeline — which will be the subject
of future works — represents a key motivation for the present
study.
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3.2. Radio U-Net

Radio U-Net’ is a convolutional neural network developed
to identify diffuse radio emission in interferometric images
(Stuardi et al. 2024). The network has been implemented
using Python and exploiting the KERAS software package
(Chollet 2015), distributed as part of the Tensorflow frame-
work (Abadi et al. 2015), version 2.3.0. Here we only give an
overview of the network design and implementation. We refer
the reader to Stuardi et al. (2024) for a full description of the
network architecture, training dataset, and procedure as well as
validation tests.

The model follows the U-Net design (Ronneberger et al.
2015), consisting of a contracting path and a symmetric expand-
ing path. In the contracting path, the input image is progres-
sively compressed through successive convolution, activation,
normalisation, and pooling layers, allowing the network to learn
increasingly abstract features of the image. In particular, in our
implementation, at each of the four contracting levels two con-
volutional layers are used for feature extraction, followed by a
ReLu (Rectified Linear Unit) activation function to introduce
non-linearity (Agarap 2018). Batch normalisation is used after
each convolutional layer to improve convergence, and the dimen-
sionality reduction is obtained with a max pooling function. The
expanding path reconstructs the image to its original resolution
in four levels, using transpose convolutions, followed by ReLu
activation, and upsampling layers.

The final softmax layer produces pixel-by-pixel information
about the presence of the diffuse radio emission. The output
image has the same size as the input image, but pixel values
range from O to 1, with higher values indicating the presence
of diffuse radio emission. No thresholding is applied by the net-
work to the segmented maps to preserve the full probabilistic
information. However, a threshold can be introduced to create
a binary map for visualisation and qualitative assessment pur-
poses (e.g. in Sect. 3.3). This type of pixel-level classification
is named semantic segmentation, and it is particularly effective
for the detection of complex and multi-scale objects, providing
information on both their shape and position in large images (see
Csurka et al. 2022, for a review).

The network was trained using synthetic radio images
derived from cosmological magneto-hydrodynamical simu-
lations, where diffuse radio emission was modelled from
shock-accelerated electrons and projected into mock light-
cones (Vazzaetal. 2019). More details about the creation
of these synthetic sky images are given in Gheller & Vazza
(2022), Sect. 4 of Stuardi et al. (2024), and references therein.
These simulations do not include radio emission generated
by turbulent re-acceleration, as expected for radio halos or
bridges (Brunetti 2011; Brunetti & Vazza 2020). Nevertheless,
the resulting images reproduce a range of morphologies and sur-
face brightness distributions that overlap with those observed in
radio halos and bridges, and previous works have shown that
such sources can still be effectively detected by our approach
(Stuardi et al. 2024; Sanvitale et al. 2025).

Synthetic sky images of diffuse radio emission were then
processed to mimic LOFAR HBA observations at 6" resolu-
tion, including Gaussian noise and imperfect deconvolution, so
as to reproduce typical observational artefacts. They do not
include other real radio sources. These mock images were used
as input to the network, while a binary reference masks derived
from the underlying sky images were employed to train the
network to identify regions containing diffuse radio emission

5 https://github.com/ICSC-Spoke3/Radio-U-Net

above 1078 Jy pixel~!. This value is a factor ~10~3 lower than
the median noise level to train the network to recognise emission
structures in low signal-to-noise conditions. Input images are
also transformed in logarithmic scale and normalised between
0 and 1, using 107'° and 107> Jy pixel™' as minimum and max-
imum data normalisation values. Pixels outside this range were
clipped to the boundaries. The use of min—max normalisation
does not lead to a significant loss of information, because it is
applied after a logarithmic transformation of the input images,
which enhances low-surface-brightness emission, while normal-
isation bounds are chosen to encompass the typical range rele-
vant for diffuse radio emission. Synthetic sky models and images
used for training are publicly available®.

To handle large input sizes (2000x2000 pixels), the images
were divided into 192192 pixel tiles. The training set comprises
100 images (i.e. 10000 tiles), but a fraction of them (5%, that is,
500 tiles) is kept as a validation set to monitor the performance
of the network during training. This choice represents a trade-
off between ensuring a reliable estimate of the model perfor-
mance and maximising the amount of data available for training,
which is crucial for DL models. The tiles are all independently
processed during training and validation. During the inference
phase (i.e. when the network is applied to new images), tiles are
instead extracted with partial overlap. Although each tile is still
processed independently, only the central regions are retained
and subsequently reassembled, in order to minimise boundary
effects and avoid discontinuities at tile edges.

Training relied on categorical cross-entropy as the loss func-
tion and RMSprop as the optimiser (Tieleman & Hinton 2012;
Goodfellow et al. 2016). Categorical cross-entropy measures how
well the predicted probabilities match the true class (0 or 1 in our
case), strongly penalising confident wrong predictions. The loss
function is minimised during the training to obtain accurate pre-
dictions. Hyperparameters (e.g. learning rate 10~*, batch size 50,
200 epochs) were selected following earlier optimisation, where
the training was monitored using the validation loss to assess con-
vergence and prevent overfitting (Stuardi et al. 2024).

Once trained, the model can process full-size simulated
images (i.e. 2000x2000 pixels) in less than a second on a single
NVIDIA Tensor Core GPU. This efficiency makes Radio U-Net
particularly well-suited for large-scale surveys. In Stuardi et al.
(2024), the network was applied to archival LoTSS-DR2 cut-outs
of a test sample of galaxy clusters. The input images were first
converted to alogarithmic scale and normalised to the range 1077 —
1072 Jy beam™'. With respect to previous work, only the data
ingestion stage of the pipeline (responsible for reading the input
images) was modified, in order to handle images of varying sizes
and to process LoTSS mosaics with non-uniform fields of view.

The entire LoTSS-DR3 at 20" resolution, for a total of 2551
mosaics of size about 30003000 pixels, was processed with
Radio U-Net in four hours, by distributing parallel jobs on the
Leonardo’ supercomputer at the CINECA Italian Supercomput-
ing Centre and offloading data reading into GPUs. The resulting
dataset, consisting of thousands of FITS files matching the size
of the original LoTSS pointings, occupies 110 GB.

3.3. Quality assessment of segmented images

From an initial visual inspection of the segmented images, we
noticed that some pointings were incorrectly segmented because

¢ https://owncloud.ia2.inaf.it/index.php/s/
IbFP1CCcPUresrr
7 https://www.hpc.cineca.it/systems/hardware/leonardo/
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quality 1 (top and bottom central panels), and quality O (top and bottom

right panels) mosaics. The top row shows the LoTSS-DR3 mosaics with a common colour-scale. The bottom row shows the corresponding
segmented maps produced by Radio U-Net. While quality class 2 mosaics show clear large-scale patterns, quality class 1 mosaics are characterised

by a scattered distribution of erroneously segmented pixels.

of the presence of Galactic diffuse radio emission. This effect
occurred mostly at Galactic latitude /| < 15° but even up to
[ = 75° in the region of the North Polar Spur. An example
of a pointing affected by this problem is shown in Fig. 3, left
panel, with the corresponding segmentation map in the bottom
panel. Galactic diffuse radio emission, which is extended over
large angular scales and is observed in the form of large-scale
ripples in the LoTSS survey, is recognised and segmented by
the network. Galactic emission was not present in the original
training dataset, which was designed to reproduce LoTSS-DR2
data quality and tested on sky regions where the Galactic fore-
ground is negligible. As a consequence, the network is not able
to exclude this emission from the segmentation maps, with the
risk of misidentifying genuine diffuse radio emission of extra-
galactic origin.

In addition, we found that other pointings — mostly at low
declination (6 < 15°) and at Galactic latitude 15° < |l| < 30°
— show some signs of noisy segmentation, such as an increased
number of scattered pixels with value approaching unity. A rep-
resentative example is shown in Fig. 3, central panel, with the
corresponding segmentation map in the bottom panel. This is
likely due once again to the fact that the network cannot perfectly
generalise to sky regions not represented in the training set. Still,
in these pointings, the network correctly detects known diffuse
radio emission of extragalactic origin. We therefore decided to
retain these intermediate quality pointings in our analysis and
provide segmentation maps for them, but with a distinct quality
classification.
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We note that segmentation quality is not directly related to
the noise level of the mosaics, since large-scale Galactic ripples
typically do not significantly affect the rms estimate, which is
computed on small scales. Moreover, there is no exact corre-
spondence between the presence of Galactic emission in LoTSS
images and the surface brightness of the Galaxy derived from
single-dish maps since the minimum baseline in regular LoTSS
processing is 100 m. These considerations motivate a visual clas-
sification rather than cuts based on image noise or Galactic emis-
sion. The classification was performed on segmentation maps
clipped at a threshold of 0.5, chosen as an intermediate value
between 0 and 1 for visualisation purposes only.

Three classes were defined as follows:

Class 0: Mosaics with segmented images of the same quality
as LoTSS DR2 mosaics, where Radio U-Net was originally
assessed.

Class 1: Mosaics with correctly segmented images but gen-
erally showing a higher noise level (i.e. >150 WJy beam™!),
resulting in an increased number of scattered pixels with a
value larger than 0.5. While quality class 1 mosaics can still
be used to search for diffuse radio emission, we recommend
exercising caution when inspecting these segmented maps,
as they are more prone to misidentifying imaging artefacts
as diffuse structures.

Class 2: Mosaics with clear segmentation errors easily visi-
ble as coherent stripes of pixels with values larger than 0.5. In
order to avoid contamination of genuine diffuse cluster emis-
sion by Galactic foregrounds, we decided to exclude these
pointings from further analysis.
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Fig. 4. Position of the 2551 pointings of the LoTSS-DR3 overlaid on the Global Sky Model at 144 MHz derived by Zheng et al. (2017). The colour
and shape of the markers represent the quality class given in Sect. 3.3, as explained by the legend. In particular, red empty diamonds are quality 2
pointings, which were excluded by this analysis mainly due to the contamination of the Milky Way emission. Black lines show the LoTSS-DR2

footprint.

Among a total of 2551 LoTSS-DR3 mosaics, 1545 (60%) are
of quality 0, 579 (23%) of quality 1, and 427 (17%) of qual-
ity 2. The position of the mosaics coloured by the three quality
classes is shown in Fig. 4, overlaid on the Global Sky Model
at 144 MHz. Their distribution is a direct consequence of the
fact that we are extrapolating Radio U-Net results to sky regions
characterised by substantially higher noise levels, and the net-
work exhibits limited generalisation capability under these con-
ditions. A possible solution to this problem is discussed in
Sect. 5.3, but its implementation is out of the scope of this work.
We note that excluding the Galactic region (i.e. quality 2
mosaics) from the subsequent analysis does not significantly
affect the detection pipeline based on the merged catalogue of
galaxy clusters, as these catalogues already avoid most of it (see
Fig. 2). In total, 455 out of 3822 galaxy clusters in the merged
catalogue lie in regions classified with quality 2, of which 312
belong to the ACT-DRS catalogue (a summary is in Table 1).

3.4. The detection pipeline

While the segmented images produced by Radio U-Net can be
directly exploited for blind searches of diffuse radio emission
across the entire LoTSS-DR3, additional physical information
is required to assess whether the detected emission is associ-
ated with a galaxy cluster. In particular, cluster position, redshift,
and mass are needed and can be retrieved from the merged cata-
logue created in Sect. 2. Excluding the 455 galaxy clusters lying
in quality 2 mosaics, we applied the detection pipeline on the
remaining 3367 galaxy clusters. The number of galaxy clusters
considered in the subsequent analysis is reported in Table 1, sub-
divided among the four original catalogues (Nperged ®)-

Using the position and angular size of each of the 3367
galaxy clusters, we computed for every system a single quantity
that traces the presence of diffuse radio emission within the clus-

ter’s projected area. Following Stuardi et al. (2024), we defined
the R value as the ratio between the sum of pixel values in the
segmented image within a circle of radius 2.2Rsyy centred on
the cluster and the total number of pixels enclosed by that circle
(N2.2Rs00):

$222R50
R _ m,n m.n
N2~2R500

, ey

where s, , is the output of the network at the (m,n) pixel.
By design, R approaches zero when no source is detected and
reaches one when a diffuse radio emission completely fills the
circle. The value of 2.2R509 was chosen, as it is the maxi-
mum distance at which radio relics were detected in the LoTSS-
DR2/PSZ2 sample (Jones et al. 2023). This makes R an effective
discriminator between clusters with and without diffuse radio
emission.

In Stuardi et al. (2024), using the galaxy cluster catalogue
presented by Botteon et al. (2022) as a benchmark, we showed
that more than 80% of PSZ2 clusters in LoTSS-DR2 hosting dif-
fuse radio emission have R > 0.015. Adopting this threshold to
separate clusters with diffuse emission (DE) from those with-
out (NDE) results in an overall classification accuracy of 73%,
defined as the fraction of correctly classified clusters over the
total sample. We note that galaxy clusters hosting radio sources
classified as ‘uncertain’ by Botteon et al. (2022) — that is, sources
whose emission is significantly affected by imaging artefacts or
whose morphology, size, and/or position are inconsistent with
standard halo or relic classifications — are included in the DE cat-
egory. Although not clearly classified, these systems do host dif-
fuse radio emission, making the R value sensitive also to revived
fossil plasma sources or radio phoenixes (see Bruno et al. 2025,
for a recent work on these sources).

For each cluster in the merged catalogue, we annotated the
survey pointings in which it was observed, its angular distance
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Fig. 5. Binary classification metrics for the test sample of 246 LoTSS-
DR2/PSZ2 galaxy clusters (Botteon et al. 2022) as a function of the
value of R used as a threshold, considering its uncertainties.

from the pointing centre, and the local noise at the cluster posi-
tion in each individual pointing prior to mosaicking. This infor-
mation is useful for any subsequent reprocessing of individual
targets, where a careful selection of the relevant pointings may
be required. It is also important in light of the different mosaick-
ing strategies adopted in the LoTSS DR2 and DR3. In the DR2
scheme (Shimwell et al. 2022), mosaics retain the same footprint
as individual pointings and may therefore overlap. In contrast,
DR3 mosaics are generated on a HEALPix grid and do not over-
lap. Although a given cluster should appear identical in multiple
mosaics, the segmentation quality of the mosaics can vary, since
each mosaic covers a different region of the sky.

When a cluster was observed in multiple pointings, the R
value was measured in the quality 0 mosaic where the cluster
lies closest to the centre. If no quality 0 mosaic was available
or if the cluster (within its 2.2Rsqg) fell outside the mosaic, the
nearest quality 1 mosaic was used. This quality is stored as a
quality class for the R value (0 or 1). Of the 3367 clusters out-
side of quality 2 regions, 2216 have quality class 0 and 1151 have
quality class 1. In rare cases where a cluster lies at the boundary
between two mosaics, the segmented mosaics were first merged
before estimating R. This occurred only seven times, and for
these, the mosaics combined to compute R are listed in the
‘Comment’ column of the catalogue. We also annotated cases
in which the R value was computed from a mosaic whose corre-
sponding pointing is not present in the LoTSS-DR3 but instead
includes only the edge regions of neighbouring pointings. This
situation arises from the use of the DR2 mosaicking strategy and
affects only 28 clusters located near the edges of the DR3 foot-
print. Furthermore, in the ‘Overlap’ column, we list any clus-
ters whose projected positions overlap within 2.2Rsqy on the sky
plane, even when they lie at different redshifts. Since R does
not account for overlaps, the computed value integrates over all
overlapping systems.

Statistical uncertainties on the R values were derived on the
basis of the results obtained in Stuardi et al. (2024), as detailed
in Appendix B. Uncertainties increase with the redshift of the
galaxy cluster. To define a threshold in R for distinguishing DE
from NDE clusters, we followed Stuardi et al. (2024), comput-
ing classical evaluation metrics (accuracy, precision and recall)
for a test sample of 246 LoTSS-DR2/PSZ2 galaxy clusters from
Botteon et al. (2022) as functions of the chosen R value. Unlike
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the previous analysis, we now include the uncertainty in R for
each cluster.

Each cluster i in a sample of N galaxy clusters is associated
with an observed value R; and measurement uncertainty o;. We
assumed the true value, R}”‘e, follows a normal distribution. For
a classification threshold, R;, the probability that object i belongs
to class DE (i.e. that its true value exceeds the threshold) is

RZ_RZ‘)

g

PiR) = PR > Rp) = 1 - cb(

where @ is the cumulative distribution function of the standard
normal distribution.

Let y; € {0, 1} be the true class labels of the 246 galaxy clus-
ters (NDE and DE) chosen as a test sample from Botteon et al.
(2022). The expected counts of true positives (TP), false pos-
itives (FP), true negatives (TN), and false negatives (FN) for
threshold R, are

EITP(R)] = )y pi(R).
EIFP(R)] = (1 = ) pi(Ry),
ETN(R)] = Y (1 =4 (1 = pi(R)).
EIFN(R)] = D, y: (1= pi(R).

From these, we computed the expected accuracy (fraction of
correct classifications to the total number of objects), precision
(the ratio of the TP to the total number of objects identified as
positive), and recall (the ratio of the TP to the total number of
DE objects):

E[TP(R/)] + E[TN(R/)]

E[Accuracy(R,)] =

N 9’
. B E[TP(R))]
E[Precision(R;)] = E[TP(R)] + E[FP(R)]’

E[Recall(R)] = M

2iYi
While precision highlights the purity of DE predictions, the
recall focuses on the network’s ability to identify all DE galaxy
clusters. These definitions are the same used by Stuardi et al.
(2024), with the only variation of considering the uncertainty
on the R value in the computation.

The optimal threshold Ry is chosen as the value of R, that
maximises the selected performance metric. Once R; is deter-
mined, clusters are classified deterministically: as DE if R; > R}
and as NDE otherwise. As shown in Fig. 5, the classification
accuracy peaks at Ry = 0.021 where the accuracy is 67%, the
precision is 68%, and the recall is 74%. Choosing a higher pre-
cision threshold helps build a sample with fewer false detections
of DE, whereas prioritising higher recall reduces the risk of miss-
ing DE galaxy clusters, at the cost of increasing FPs.

To highlight potentially uncertain classifications, it is possi-
ble to introduce a binary classification flag. A classification is
considered reliable if its measured R value lies more than one
standard deviation from the threshold:

|R,—Rf| > 0. (2)

This approach ensures that both threshold selection and individ-
ual measurement uncertainties are explicitly accounted for in the
final classification.
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Fig. 6. Confusion matrix obtained for the test sample of 174 galaxy
clusters with a good classification flag using R; = 0.021 as a detection
threshold. The number in brackets is the total number in each box.

In the case that R; = 0.021 is chosen as a threshold, we
verified that classification metrics improve using the same test
sample from Botteon et al. (2022) but excluding clusters with
an unreliable classification flag. Although this further selec-
tion reduced the test sample to 174 clusters, it allows us to
achieve 76% accuracy, 74% precision, and 85% recall in the
classification—-meaning that 85% of clusters hosting genuine dif-
fuse radio emission are correctly identified as DE. Out of the
correctly identified DE galaxy clusters, 54 host radio halos or
candidate radio halos, 22 host at least a radio relic or a candidate,
and 18 host only a diffuse radio emission classified as uncertain
by Botteon et al. (2022).

The confusion matrix obtained with the detection pipeline on
this test sample of 174 galaxy clusters is shown in Fig. 6. Notice,
however, that this residual sample is slightly biased, counting for
95 DE clusters and 79 NDE clusters. We note that a relatively
large fraction of NDE systems is classified as DE by the net-
work (35%). This may have two main causes. First, some NDE
systems may host extended radio emission associated with radio
galaxies, which the network identifies as DE. Second, the NDE
classification based on visual inspection may be uncertain in bor-
derline cases, where human judgement is also intrinsically lim-
ited, and faint diffuse radio emission may be overlooked. In some
cases, the network may, in fact, detect low brightness emission
that is close to the noise level and difficult to identify.

The detection pipeline thus provides for each galaxy clus-
ter a quantitative indicator — that is, the R value — which can be
used, together with its uncertainty, to identify clusters hosting
diffuse radio emission. The choice of Ry = 0.021 as a thresh-
old to separate clusters with and without diffuse radio emission
maximises the accuracy of this classification. However, since
the above performance metrics are computed on the LoTSS-
DR2/PSZ2 galaxy cluster sample, which is mostly located in
high-quality LoTSS regions, we note that, although for clusters
with quality class 1 the R value still provide an indication of
the presence of diffuse radio emission, the classification perfor-
mance based on the R value may be less reliable. Furthermore,
it is not possible to verify how the classification metrics depend
on the original galaxy cluster catalogue since, to date, the only
reference sample is based on the PSZ2 catalogue.

4. Results

In this section, we first describe the main results of this work
(Sect. 4.1), which consist of the following:

— Segmentation maps of the LoTSS-DR3 produced with Radio
U-Net, associated with the full list of 2551 LoTSS-DR3
pointings and the quality classes associate to each mosaic
(having the same shape and name of individual pointings as
for the DR2 mosaicking scheme), as described in Sect. 3.3;

— A merged catalogue of 3822 galaxy clusters within the
LoTSS-DR3 footprint, of which 3367 have an estimated R
value obtained from Radio U-Net results.

Finally, we illustrate how these results can be used to select a
sub-sample of galaxy clusters with a high probability of hosting
diffuse radio emission and provide some examples (Sect. 4.2).

4.1. Segmentation maps and a merged catalogue of galaxy
clusters with R values

Example of segmentation maps produced by Radio U-Net are
shown in Fig. 3. These maps provide pixel-level information
about the presence of diffuse radio emission as recognised by the
network. The resolution of these images is the same as the orig-
inal LoTSS images at 20", having a pixel size of 4.5”. Values
approaching 1 are recognised by the network as part of diffuse
radio emission. Generally, the boundaries of these regions are
very sharp, with values decreasing below 0.5 within 4-5 pixels.

As extensively discussed in Stuardi et al. (2024), Radio U-
Net tends to misidentify radio emission from extended, low—
surface-brightness active galactic nuclei (AGNs) as diffuse radio
emission related to the ICM. This behaviour arises because
AGN-related emission was not included in the original train-
ing set. A similar misidentification can also occur for nearby
galaxies, whose radio emission may appear approximately cir-
cular and thus resemble that of radio halos. Finally, as discussed
in Sect. 3.3, pointings characterised by the presence of Galactic
diffuse radio emission or by higher noise levels are more prone
to misidentification by the network (see two examples in Fig. 3).

To provide a standardised access and visualisation of the seg-
mentation maps, we have created a Hierarchical Progressive Sur-
veys (HiPS, Fernique et al. 2015) map of all quality classes 1
and 0 mosaics, displaying only pixels with values above 0.9.
This threshold was chosen to optimise the visualisation of large
fields of view, highlighting only regions detected with the high-
est probability. This map is available on the dedicated page of the
survey website® and can be visualised on Aladin® for the inspec-
tion of the full DR3 area (excluding Galactic regions). We also
provide a table listing the 2551 LoTSS-DR3 pointings with the
associated mosaic’s quality class, while segmentation maps of
single mosaics are made available upon request.

While segmentation maps can be used to readily identify the
presence of diffuse radio emission, a comparison with multi-
wavelength data is required to associate the emission detected by
the network with individual objects. For this reason, and build-
ing on the results presented by Stuardi et al. (2024), we cross-
matched the segmentation maps produced by Radio U-Net with
the position of galaxy clusters contained in the merged catalogue
created in Sect. 2. Therefore, as explained in Sect. 3.4, for each
of the 3822 galaxy clusters in our merged catalogue, we found
the reference pointing and, for those in quality class 0 and 1
pointings, we computed the R value from the segmentation map.
The merged catalogue thus provides the following information:

— Name of the cluster;
— Coordinates in equatorial (J2000) coordinate systems;
— Redshift;

8 https://lofar-surveys.org/clusters_dr3.html
% https://aladin.cds.unistra.fr/hips/
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clusters

Fig. 7. Distribution of the R values computed for the 3367 galaxy clus-
ters in the merged catalogue outside quality 2 regions. The vertical line
represents the value R; = 0.021.

— M50 and Rso;

— Alternative name derived from the cross-match between the
four original catalogues;

— Name of the mosaic at the position of the cluster in the DR3
mosaicking scheme;

— The names of all pointings used to create the mosaic at the
position of the cluster (i.e. names of mosaics in the DR2
mosaicking scheme);

— The distance of the cluster from the pointing centre of each
pointing;

— Noise at the cluster location in each pointing before mosaick-
ing;

— Quality class of each mosaic in the DR2 mosaicking scheme;

— Comments on the pointing used for the computation of R;

— Name of the mosaic used to compute R. For quality class 2
pointings, this is not listed since the R value is not computed;

— The value of R and its uncertainty, given on the basis of the
cluster redshift as explained in Appendix B;

— List of galaxy clusters which overlap with the system within
their 2.2R5.

The table is available on a dedicated page of the survey web-
site!?. The information provided in this table can be used to build
a sub-sample of galaxy clusters for further studies (an example
is provided in the following section).

It is also useful to derive global statistics for this large sample
of galaxy clusters. The distribution of R values across the merged
sample —restricted to the 3367 clusters located in regions where
the segmentation maps are classified as quality O or 1 —is shown
in Fig. 7. Using a threshold of R > 0.021, we identify 918 galaxy
clusters as candidates hosting diffuse radio emission, or DE. In
this case, we do not exclude clusters based on the uncertainty of
their R value, in order to retain the largest possible sample size,
at the expense of a lower classification accuracy.

However, this number must be corrected for the classification
performance of our detection pipeline. As discussed in Sect. 3.4,
the threshold Ry = 0.021 corresponds to a precision of 68% and
a recall of 74% when tested on the LoTSS-DR2/PSZ2 sample
of 246 galaxy clusters. Under the assumption that these perfor-
mance metrics are applicable to the LoTSS-DR3 data, we esti-
mated the intrinsic fraction of galaxy clusters hosting diffuse
radio emission, fpg, as

10 https://lofar-surveys.org/clusters_dr3.html
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Table 2. Occurrence of galaxy clusters and detection fraction of the four
galaxy cluster catalogues.

Catalogue Niorss-pr3 No N1 No Ngwoo21 foE
PSZ72 686 459 167 60 344 50%
ACT-DR5 1699 696 684 319 327 22%
MCXC2 874 611 188 75 283  32%
1eRASS 1324 867 405 52 286 21%

Notes. Column 1: Catalogue name. Column 2: Number of galaxy clus-
ters within the LoTSS-DR3 area with Msy, > 10'* M. Column 3: Num-
ber of galaxy clusters observed in quality class O mosaics. Column 4:
Number of galaxy clusters observed in quality class 1 mosaics. Col-
umn 5: Number of galaxy clusters observed in quality class 2 mosaics
and therefore excluded from the analysis. Column 6: Number of galaxy
clusters with R value larger than 0.021. Column 7: Intrinsic fraction of
clusters with diffuse radio emission over the total number of clusters
analysed for each catalogue, computed following Eq. (3).

Precision(ﬂf = 0021) N~R>0_021
Recall(R" = 0.021) No+N;

Ng>0.021
Ny + Ny ’

3

DE =

which yields fpg =~ 25% for the merged catalogue. This estimate
should be treated with caution, as both the adopted threshold and
the corresponding precision and recall are derived from a test
sample based on LoTSS-DR2/PSZ2 galaxy clusters. Given that
the associated uncertainties are dominated by systematic effects
related to sample selection and transferability of the classifier
performance, we do not attempt to provide a formal error esti-
mate for fpg.

In order to derive statistical information on the detection rate
within each catalogue, it is convenient to associate each clus-
ter with its original galaxy cluster catalogue. This association is
performed using the alternative names listed in the merged cat-
alogue. Table 2 reports the detection rate for each of the four
galaxy cluster catalogues. The total number of clusters exceeds
that of the merged catalogue, as several clusters appear in more
than one catalogue.

The intrinsic fraction of galaxy clusters hosting diffuse
radio emission is highest in the PSZ2 catalogue (50%). This
is expected, as this catalogue preferentially includes more mas-
sive and lower-redshift systems compared to the other three cata-
logues, as shown in Fig. 1. Both theoretical models for the origin
of radio halos (Cassano et al. 2007) and cosmological simula-
tions investigating the formation of radio relics (Lee et al. 2024)
predict that the fraction of galaxy clusters hosting diffuse radio
sources increases with increasing cluster mass and decreasing
redshift, and this is confirmed by observational results in the case
of radio halos (Cassano et al. 2023).

We test this expectation further by dividing each cluster cat-
alogue into mass and redshift bins and computing the intrinsic
fraction of galaxy clusters hosting diffuse radio emission in each
bin. The results for the PSZ2 catalogue are shown in Fig. 8,
while the corresponding plots for the other three catalogues are
presented in Fig. A.2. Apart from statistical fluctuations in bins
containing a small number of clusters (with the total number of
clusters in each bin shown in brackets), we recover a clear trend
of increasing detection fraction towards higher masses and lower
redshifts for all catalogues.

Botteon et al. (2022) found that, in the LoTSS-DR2 sam-
ple, the detection rate of galaxy clusters hosting a radio halo is
30 + 11%, while it is 10 + 6% for clusters hosting one or more
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Fig. 8. Intrinsic fraction of clusters with diffuse radio emission over the
total number of clusters in each mass and redshift bin in the PSZ2 clus-
ter catalogue computed following Eq. (3). The total number of clusters
in each bin (Ny+N;) is also shown in brackets.

radio relics. They also reported that 51 + 14% of the clusters do
not show evidence of diffuse synchrotron emission in the ICM.
This is closely consistent with the intrinsic detection fraction of
50% that we have obtained for the PSZ2 sample, where radio
halos, relics and other diffuse radio sources of uncertain classifi-
cation are accounted for. Furthermore, they predicted the detec-
tion of 251 + 92 galaxy clusters hosting a radio halo and 83 + 50
clusters hosting at least one relic from the PSZ2 catalogue in
the full LoTSS survey. Following our approach we have found
344 galaxy clusters hosting diffuse radio emission in the LoTSS-
DR3/PSZ2 sample. Although a direct comparison among these
numbers should be treated with caution, the overall fraction of
detected systems is broadly consistent with these predictions.

4.2. Curated sub-sample of galaxy clusters detected by the
network

Finally, we have used the merged catalogue to select a sub-
sample of galaxy clusters having the highest classification accu-
racy provided by our method. We have selected all clusters in the
merged catalogue with (i) quality class O (ii) R > 0.021, and (iii)
a reliable classification flag with respect to this threshold, mean-
ing that R—0.021 > o, where o is the uncertainty on the R value
discussed in Appendix B. This set contains 357 galaxy clusters.
The table and the images of this sub-sample are available on a
dedicated page of the survey website!!.

For this sub-sample, we performed a visual inspection of the
LoTSS-DR3 images at both high and low angular resolution,
aimed at identifying clear false detections through a comparison
with the segmentation maps produced by Radio U-Net. Clear
false detections were identified when the regions segmented by
the network overlapped with extended AGN emission, nearby
galaxies, or other foreground or background galaxy clusters pro-
jected along the line of sight. We found a total of 19 clear false
detections.

We subsequently searched the literature to identify previous
studies of each cluster. In total, we identified 109 galaxy clus-
ters with literature confirmation of the presence of diffuse radio
emission, in the form of radio halos, mini-halos, radio relics,

I https://lofar-surveys.org/clusters_dr3.html

phoenixes, remnant radio sources, or diffuse radio sources with
uncertain classification.

Out of the 357 clusters, 104 clusters belong to the PSZ2
catalogue and lie within the LoTSS-DR2 area already studied
by Botteon et al. (2022). However, 31 of these systems were
not classified as hosts of diffuse radio emission in this previ-
ous work, either because of the low quality of the available data
(9 clusters) or because the detected emission was considered by
Botteon et al. (2022) to be unrelated to the ICM (22 clusters,
but in three of these cases the emission was later reclassified
as a remnant radio source by Bruno et al. 2025). Seven clus-
ters belong instead to the sample of non-PSZ2 systems found
to host diffuse radio emission by Hoang et al. (2022). Interest-
ingly, both inter-cluster radio bridges discovered with LOFAR —
the Abell 399-401 system (Govoni et al. 2019) and Abell 1758
(Botteon et al. 2020) — are included in our curated sub-sample.

Among the remaining 229 galaxy clusters lacking previous
studies in the literature, several show radio morphologies that
can be readily associated with standard classes of diffuse radio
emission, such as radio halos or radio relics. Examples of these
cases are shown in Fig. C.2. Follow-up studies are already ongo-
ing on a few of these systems, such as the high-redshift galaxy
cluster PSZ2 G209.79+10.23 (z=0.677), possibly hosting a radio
halo and double radio relics (Di Gennaro et al., in prep.), or
the possible double radio relic system in ACT-CL J0245.1+1843
(Pfeifer et al., in prep.). Another peculiar case is represented by
three galaxy clusters in the curated sub-sample that belong to a
single interacting system around PSZ2 G343.33+83.19, in which
the network detected diffuse radio emission connecting the three
clusters (see Fig. C.1). For most of the remaining candidate new
diffuse radio sources, dedicated source extraction and follow-up
analyses of individual objects are required to confirm the associ-
ation of the diffuse radio emission with the ICM and to determine
its physical nature.

In summary, the curated sub-sample comprises 357 galaxy
clusters, of which 19 are clear false detections and 109 have been
previously confirmed to host some form of diffuse radio emission
in the literature. The remaining 229 clusters will be the subject of
dedicated post-processing and follow-up investigations.

We note that this sub-sample does not represent a complete
census of all galaxy clusters with diffuse radio emission identi-
fied by the network, but it was selected in order to ensure the
highest accuracy achievable by the network (76%), according
to the performance metrics discussed in Sect. 3.4. Some clus-
ters may have been excluded either because they are located in
regions classified as quality class 1 or 2, or because their R value
lies close to the adopted threshold. This is, for example, the case
for PSZ2 G135.76-62.03 (Abell 0168; Hoang et al., in prep.),
PSZ2 G075.71+13.51 (Abell 2319; Drabent et al., in prep.), and
PSZ2 G200.82+27.42 and ACT-CL J0220.9+0652 (Pfeifer et
al., in prep.), which are detected with high significance but fall
within quality class 1 regions, and for which dedicated follow-up
studies are already in progress.

5. Discussion

In this section, we discuss the results obtained in this paper. In
particular, we focus on the use of the catalogues produced in this
work and on possible future improvements of the pipeline.

5.1. Towards statistical studies of galaxy clusters

This work is meant to provide automatic diffuse radio source
detection in the largest possible sample of galaxy clusters and
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to guide blind detection of new diffuse radio sources. These
kinds of automated methodologies are becoming increasingly
important with new-generation wide-area surveys, which will
allow statistical studies based on hundreds of sources. With
our method, we obtained a trend of an increasing detection
rate of diffuse radio sources with increasing cluster mass and
decreasing redshift (Sect. 4.1), which is particularly encourag-
ing, as it reproduces behaviours observed in statistical samples
(Cassano et al. 2023). However, we recognise that the creation of
a statistically meaningful sub-sample of galaxy clusters (such as
those based on the LoTSS-DR2/PSZ2 sample; e.g. Bruno et al.
2023; Cassano et al. 2023; Cuciti et al. 2023; Jones et al. 2023),
requires additional efforts. This includes, for example, clean-
ing the present catalogues from spurious detections, comparing
detections with multi-wavelength datasets, and carefully mea-
suring the flux of diffuse radio emission.

In order to create a subsample of galaxy clusters for scientific
purposes, a decision should be made on the R value threshold to
be used as a parameter for detection: higher R values will lead to
purer samples, with a smaller fraction of DE objects but detected
with higher significance, while lower R values will lead to more
complete sample but with a higher fraction of false detection.
In Sect. 3.4 we selected a sub-sample with the highest possible
accuracy which is 76%. In this curated sub-sample, the preci-
sion is 74%, as derived from the test carried out on the LoTSS-
DR2/PSZ2 sample, meaning that the 74% of clusters classified
as DE by the network are true detections. While the implemen-
tation of more sophisticated automated pipelines is desirable,
this is the best achievable compromise between automation and
accuracy at present.

After this selection, in many cases, a detection can still
be confirmed only by the comparison with multi-wavelength
datasets, for example, to discriminate between diffuse radio
emission connected to AGN and related to the ICM, for which
the comparison with optical datasets is necessary. This is even
more important for classification purposes, for example, regard-
ing the position of the diffuse radio emission with respect to the
X-ray emission of the cluster to discriminate between relics and
halos. Additionally, radio spectral index information should be
used to discriminate between different acceleration mechanisms
at work in different sources. This will be available in a wide area
thanks, for example, to LOFAR observation in the low (54 MHz)
and high (144 MHz) bands. While the classification of sources
could remain uncertain even after these comparisons, these are
clearly important steps to be taken for subsequent studies.

Furthermore, as mentioned in Sect. 3.1, the automated cali-
bration and imaging strategy of LoTSS is not optimised for the
diffuse radio emission of galaxy clusters. For the purpose of this
work — which is also minimising re-procesing — we have directly
used LoTSS images at 20" as input for the pipeline, where
diffuse radio emission could be incompletely deconvolved or
affected by the presence of residual calibration and imaging arte-
facts. When a sub-sample is selected, dedicated pipelines should
be used for source extraction and self-calibration of each tar-
get (van Weeren et al. 2021; Botteon et al. 2022), which allows
a more robust characterisation of their morphology and measure-
ment of their fluxes. However, as already noted in Stuardi et al.
(2024) and further explored in Stuardi et al. (2025), in some
cases the network is able to detect diffuse radio emission that
is not detected in extracted images, probably because they are
at the detection limit, but emerges in deeper observations or
lower-resolution images. Hence, putting together machine learn-
ing information and tailored post-processing of selected candi-
dates is still essential.
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5.2. Small angular size systems

The accuracy metrics reported for the current catalogues are all
based on the LoTSS-DR2/PSZ2 sample, which contains more
low-redshift and high-mass systems with respect to other galaxy
cluster catalogues (see Appendix A, Fig. A.1). As explored in
Appendix B, the variability of the R value increases for small
angular size systems, i.e. high-redshift and low-mass clusters,
and consequently, the accuracy metrics could vary in different
samples. Hence, the computed R value for high-redshift and low-
mass systems should be taken with caution.

In particular, the detection of diffuse radio sources at high
redshifts is more difficult because of redshift dimming and
increasing inverse Compton energy losses, which make the emis-
sion fainter and harder to separate from contaminating sources.
Moreover, the majority of high-redshift clusters have fairly low
masses (Msoy < 5x10'* M), where the presence of diffuse radio
emission is less likely (Di Gennaro et al. 2021; Cassano et al.
2023; Di Gennaro et al. 2025). In many cases, only increasing
the angular resolution of LOFAR observations would help firmly
establish the presence of the diffuse radio emission detected
by Radio U-Net. Increasing the angular resolution to the sub-
/arcsecond regime is now possible with LOFAR’s international
baselines. This has been helpful in confirming the presence
of diffuse radio emission in clusters (HLavacek-Larrondo et al.
2025; Di Gennaro et al. 2026). In the future, dedicated studies
of a large sample of high-redshift clusters may help better train
the network in the high-redshift regime.

5.3. Machine learning methodology improvements

Strategies to enhance the performance of DL methods applied
to the detection of diffuse and extended radio sources are cur-
rently being explored by several of the authors. A first approach
focuses on improving the network architecture itself, in particu-
lar by incorporating attention mechanisms. In this context, atten-
tion layers allow the network to dynamically weight different
regions of the input image, enabling it to focus on spatial fea-
tures that are more relevant for the task at hand while suppressing
less informative or contaminating structures. The effectiveness
of this approach has already been demonstrated by the TUNA
network (Sanvitale et al. 2025). Additional improvements may
be achieved by fine-tuning the models on real observational data,
a procedure already explored in Stuardi et al. (2024) and cur-
rently being further tested on TUNA.

A second strategy targets improvements to the training data,
aiming at producing more realistic and comprehensive mock
observations. This includes incorporating radio galaxies either
by extracting them directly from real observations or by using
new generations of cosmological simulations in which AGN
activity and star formation are modelled self-consistently. Fur-
thermore, training data can be enhanced by explicitly accounting
for Galactic foreground emission and other large-scale diffuse
components, which may otherwise be misclassified as cluster-
related emission. This would improve the generalisation capa-
bilities of the network.

An additional research direction under investigation involves
a multi-wavelength approach, in which radio, X-ray, and optical
observations are jointly used as network inputs. This strategy has
already proven effective in the context of galaxy cluster identifi-
cation and classification in X-ray surveys, where machine learn-
ing techniques have been successfully employed to distinguish
between relaxed and disturbed systems or to identify galaxy
clusters (Kosiba et al. 2020; Sadikov et al. 2025). Extending this
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approach to radio studies may help the network better isolate
emission physically associated with the ICM.

Beyond supervised learning, self-supervised and semi-
supervised methods are also being explored as a way to
mitigate the limited availability of labelled data. Recent stud-
ies (e.g. Mostertetal. 2021, 2023; Slijepcevic et al. 2024;
Baron Perez et al. 2025) have shown that such approaches can
significantly improve performance and robustness, particularly
for rare and complex radio sources. Self-supervised methodolo-
gies will be even more important in the SKA era, when new
sources with previously unknown morphologies could be dis-
covered.

6. Conclusions

We have presented the first catalogue of diffuse radio emission
in galaxy clusters extracted from LoTSS-DR3 based on DL.
By combining the unprecedented sky coverage of LoTSS with
the Radio U-Net convolutional neural network, we have devel-
oped an automated pipeline capable of identifying extended low-
surface-brightness emission related to the ICM.

Our analysis processed 2551 LoTSS-DR3 mosaics and
cross-matched the resulting segmentation maps with 3822 clus-
ters from four complementary catalogues (PSZ2, ACT-DRS,
MCXC2, and 1eRASS). The method provides both a quantita-
tive indicator for the presence of diffuse radio emission in each
cluster (R value) and a pixel-level segmentation map of the entire
survey. The detection fraction of diffuse radio sources in the four
catalogues increases in high-mass and low-redshift systems, as
predicted by current models and simulations.

From the same catalogue, we also curated a sub-sample of
galaxy clusters with a reliable classification flag containing 357
galaxy clusters showing significant evidence of diffuse radio
emission. Dedicated pipelines should be used for source extrac-
tion and self-calibration of each new target in this sub-sample
(van Weeren et al. 2021; Botteon et al. 2022), to allow for a more
robust characterisation of their morphology and measurement of
their fluxes.

Although our approach does not yet distinguish between dif-
ferent types of diffuse radio emission (e.g. radio halos, relics, or
phoenixes and remnant plasma sources), it establishes a frame-
work for automatic research of diffuse radio emission sources in
wide-area radio surveys. The same procedure can also be applied
to different radio surveys by tailoring the training dataset to the
specific telescope.

Limitations regarding our method remain, primarily related
to the network’s ability to generalise in the presence of Galac-
tic diffuse radio emission, imaging artefacts, and diffuse radio
emission associated with extended AGN, which can lead to false
detections. In future developments, we will focus on retrain-
ing the Radio U-Net using more realistic simulations and an
expanded set of real observational data.

The catalogue released with this paper provides a valuable
resource for the community, enabling follow-up studies of indi-
vidual systems, statistical analyses, and cross-correlation with
multi-wavelength datasets. The upcoming SKA and LOFAR2.0
surveys will dramatically expand the available data volume, and
methodologies such as the one presented in this work will be
essential for exploiting their full scientific potential.

Data availability

The processed data products and catalogues generated in
this work are publicly available on a dedicated page of the

LOFAR Surveys website at https://lofar-surveys.org/
clusters_dr3.html. These include three FITS tables with
information on: (i) the full sample of 3822 galaxy clusters
in the merged catalogue, (ii) the 357 clusters in the curated
sub-sample, and (iii) all LoTSS-DR3 mosaics. A HiPS file
showing the segmentation map for the entire LoTSS-DR3
(excluding quality 2 mosaics) is also available at the same
location, while segmentation maps of individual mosaics are
provided upon reasonable request. The catalogues are avail-
able at the CDS via https://cdsarc.cds.unistra.fr/
viz-bin/cat/J/A+A/710/A219 and on Zenodo https://
zenodo.org/records/20022649.

The LoTSS-DR3 data underlying this article are publicly
available from the LOFAR Surveys webpage at (https://
lofar-surveys.org/dr3_release.html). The Radio U-Net
code used in this work is available at https://github.com/
ICSC-Spoke3/Radio-U-Net. The simulations used to train
the network are available at https://owncloud.ia2.inaf.
it/index.php/s/IbFP1CCcPUresrr and are described by
Stuardi et al. (2024).
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Appendix A: Single cluster catalogues and
detection fraction

In this Appendix, we show the mass-redshift diagram of
the single cluster catalogues used to generate the merged cat-
alogue in Sec. 2 (Fig. A.1). We also show the intrinsic fraction
of clusters detected with diffuse radio emission in the ACT-DRS,
MCXC2 and 1eRASS catalogues, separated in mass and redshift
bins as explained in Sec. 4.1 (Fig. A.2).

Appendix B: Uncertainty on the R value

In this work, we slightly modified the detection pipeline com-
pared to Stuardi et al. (2024) by applying Radio U-Net to the
entire LoTSS-DR3 mosaics, rather than to individual cutouts
centred on each cluster. The R values computed for the 246
LoTSS-DR2/PSZ2 galaxy clusters used as a test sample by
Stuardi et al. (2024) can therefore serve as a benchmark for the
updated pipeline. Comparing the R values obtained with the two
methods also allowed us to verify the robustness of the R param-
eter and to derive an appropriate statistical uncertainty.

In Fig. B.1, we plot the R values calculated in this work
against those from Stuardi et al. (2024), denoted as Ryo4, for the
246 clusters classified as DE or NDE by Botteon et al. (2022).
As expected, the two measurements follow a clear linear trend,
and most clusters remain in the same class (identified using the
threshold Rg24 = 0.015 here). However, in some cases, signifi-
cant differences in R are evident.

We find that these discrepancies are statistically more pro-
nounced for cluster with small projected angular size (see
Fig. B.2). The main cause of the discrepancy is the inference
uncertainty associated with the model. Indeed, Radio U-Net is
used here as a deterministic model. However, when it is applied
for inference on images with different tiling schemes and vary-
ing noise properties, it will produce variability in the predictions
for the same sources. This effect is expected to be more severe
at high redshift where the diffuse radio emission is intrinsically
fainter and difficult to detect. Small changes in the input can lead
to large differences in the network’s prediction and, since the R
parameter is, by definition, derived directly from the extent of
the diffuse radio emission, and this emission at higher redshift is
expected to span only a small number of pixels, a few FP or FN
detections or shifts in the predicted values can produce signifi-
cant differences in R.

Another aspect to consider is the absence of high-redshift
sources in the simulation set used to train the network, where
diffuse radio emission was projected into mock lightcones up to
z = 0.15 (Vazza et al. 2019). This could reduce the inference
performances of the network for z > 0.15 (see also Fig. B.3).
Another contributing factor is the choice of tile size for the seg-
mentation: the tiles are designed to contain only a small frac-
tion of the diffuse radio emission at z < 0.15. When the radius
used to compute R is smaller than the tile size, the R value
becomes sensitive to the relative position of the tile and the
diffuse radio emission. Stuardi et al. (2024) performed segmen-
tation on images centred on the cluster positions, whereas in
this work, the segmentation was carried out on entire pointings,
meaning the tiles were randomly centred with respect to the clus-
ters. This effect is illustrated in Fig. B.2, which also shows that
cluster size and redshift are correlated, suggesting that both the
under-representation of high-z systems in the training set and the
choice of tile size could contribute to increased uncertainty in the
R values for small angular size systems.
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Fig. A.1. Mass versus redshift plots of the single selected cluster cata-
logues in LoTSS-DR3. Dashed lines in the horizontal and vertical his-
tograms show the median values of the redshift and mass, respectively.
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Fig. A.2. Intrinsic fraction of clusters with diffuse radio emission in the ACT-DRS, MCXC2 and 1eRASS catalogues computed following Eq. 3
and plotted for different mass and redshift bins. The total number of clusters in each bin (in quality O and quality 1 mosaics) is also shown in

brackets.
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Fig. B.1. Comparison of the R value computed by Stuardi et al. (2024)
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sification by Stuardi et al. (2024).

® z>0.15
0.06 - ® — tile size
0o, °
0.04 -
o 0g% ’0.
© b
<+ 0.02
N ..
& X, 2
| . ° o
x 0004 & o °® °
°8
o . i
—0.02 A
°
—0.04 A ° ..
°
°

10t
2.2 x Rsgp [arcmin]
Fig. B.2. Difference between the R value computed in this work and
in that of Stuardi et al. (2024) for the test sample of LoTSS-DR2/PSZ2
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tile used by Radio U-Net is shown by the vertical line.
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Table B.1. Uncertainties on the R value computed in each redshift bin.

Zbin O Zpin
7<0.1394 0.004

z € (0.1394,0.23225] 0.012
z €(0.23225,0.321677] 0.015
z €(0.321677,0.4561] 0.019
z > 0.4561 0.019

To account for this, we computed a statistical uncertainty on
R as a function of cluster redshift. The test sample was divided
into five redshift bins, each containing 49 clusters, and for each
bin we calculated the standard deviation of the absolute differ-
ences between the two R estimates:

= 0 (IR = Rs24lzy,) » (B.1)

where the five bins are listed in Tab. B.1 with corresponding
uncertainties.

These uncertainties are assigned to the corresponding R val-
ues in the cluster catalogues produced in this work.

O-Zbin
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Appendix C: Examples of galaxy clusters from the
curated sub-sample

Fig. C.1 shows an example of a peculiar system in the curated
sub-sample where diffuse radio emission was detected by the
network in a region connecting three nearby galaxy clusters. In
Fig. C.2, we show instead some examples of galaxy clusters in
the curated sub-sample without previous studies in the literature
and showing diffuse radio emission, which, due to its morphol-
ogy and position with respect to the cluster, could be attributed
to the presence of radio halos or radio relics.
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P$z2 6343.33483.19
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. g P

MC).(CJbLS;li.H—ZZOf_. @

00§
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RA (ICRS)

13"12m00° 11m30°

Fig. C.1. Example of a peculiar system within the curated sub-sample.
The LoTSS-DR3 image at 20" resolution is shown in the top panel,
with contours at the 30 level (0.39 mJy/beam). The three solid white
circles show the Rsqy of the three clusters found at similar redshifts.
The dashed circle shows the 2.2Rs, radius of the main cluster (PSZ2
G343.33+83.19), while the dotted circle shows another cluster in the
foreground. The segmentation map is shown in the bottom panel.

A219, page 17 of 18



Stuardi, C., et al.: A&A, 710, A219 (2026)

ps22 G104.71-54.55. PSZ2,G113.81+44.35 @ PSZ2 G162.33+25:03 *
7°00° 7= 01225 .
Msoo= 4.6
71°25'
6°55' 54050"
— — 20 —
g 10
I M R g
' >
8 g 15 g >
45'
10 30
40' 1074
05' 20
0"10™00° 09™405  20° 08M40% 14"16m 15™  14m  13m  12m
RA (ICRS) RA (ICRS)
R = 0.043 °00'
700" 55°00
71°25'
6°55' 54°50"'
—~ 20’ _
%] %)
g &
< 50 S a0
8 15 8
45'
10' 30
40'
05' 20
0"10M00% 09™40°  20° 00°  08M40° 14"16™  15m 14m 13m 12m 14m
RA (ICRS) RA (ICRS) RA (ICRS)
$SZ2 G224.00+69.33 AGT-CL J0245.1+1843
o2y z=0.19" z=0.448 ¥
7°30 21°40' 18°48'
35'
= _ a4y
0 0 %) 3
1073 g
£ o £ w g g
5 5 " g
8 8 g =
25' §
20" 20’ 39'
1074
15'
36'
7h22m458 308 15° 00° 11"25M00° 24M30° 00° 23M30° 2h45m305 15° 00° 44m45°
RA (ICRS) RA (ICRS) RA (ICRS)
1.0
7°30 21°40' 18°48"
0.8
35'
45'
2 2 2 0
o 25 o 30 o
1 g $ a
[a] o o
25 0.4
20" 20' 39' 0.2
15'
36' 0.0
7M22m458 30° 15° 00° 11"25M00° 24M30° 00° 23M30% 00° 245m30° 15° 00° 44m45°
RA (ICRS) RA (ICRS) RA (ICRS)

Fig. C.2. Example of six galaxy clusters in the curated sub-sample showing diffuse radio emission which, due to its morphology and position with
respect to the cluster, could be attributed to the presence of radio halos or radio relics. The LoTSS-DR3 image at 20” resolution is shown in the
first and third rows. The inner white circle represents the Rsy of the cluster, while the outer circle represents 2.2R5q. Redshift and M5y (in units
of 10" M) are shown in the image. The R value of each cluster is shown over the segmented maps shown in the second and fourth rows.
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