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ABSTRACT

Strong gravitational lensing (SL) by galaxy clusters is a powerful probe of their inner mass distribution and a key test bed for cosmological models.
However, the detection of SL events in wide-field surveys such as Euclid requires robust automated methods capable of handling the immense
data volume generated. In this work, we present an advanced deep learning (DL) framework based on mask region-based convolutional neural
networks (Mask R-CNNs) designed to autonomously detect and segment bright strongly lensed arcs in Euclid’s multi-band imaging of galaxy
clusters. The model was trained on a realistic simulated dataset of cluster-scale SL events constructed by injecting mock background sources into
Euclidised Hubble Space Telescope images of ten massive lensing clusters, exploiting their high-precision mass models constructed with extensive
spectroscopic data. The network was trained and validated on over 4500 simulated images and tested on an independent set of 500 simulations
as well as on as real Euclid Quick Data Release (Q1) observations. The trained network achieves a high performance in identifying gravitational
arcs in the test set, with a precision and recall of 76% and 58%, respectively, processing 2′ × 2′ images in a fraction of a second. When applied to
a sample of visually confirmed Euclid Q1 cluster-scale lenses, our model recovers ≈66% of the gravitational arcs above the area threshold used
during training. While the model shows promising results, limitations include the production of some false positives and challenges in detecting
smaller, fainter arcs. Our results demonstrate the potential of advanced DL computer vision techniques for efficient and scalable arc detection in
the effort towards enabling automated analysis of SL systems in current and future wide-field surveys. The code, ARTEMIDE, is open source and is
available at https://github.com/LBasz/ARTEMIDE

Key words. gravitational lensing: strong – techniques: image processing – galaxies: clusters: general

1. Introduction

Strong gravitational lensing (SL) serves as a valuable tool
for probing the total mass distribution in galaxies and galaxy
clusters as well as for testing cosmological total models
(Meneghetti 2021). Over the past decades, SL has been
utilised in various contexts: to study galaxy structures and
their evolution (Treu & Koopmans 2002; Auger et al. 2010;
Sonnenfeld et al. 2013); to estimate the Hubble constant (H0)
through time-delay measurements (Suyu et al. 2017; Grillo et al.
2018; Millon et al. 2020; Moresco et al. 2022; Grillo et al. 2024;
TDCOSMO Collaboration 2025); to constrain the dark energy
(DE) equation of state (Jullo et al. 2010; Cao et al. 2012;
Collett & Auger 2014; Caminha et al. 2022); and to estimate
the dark matter (DM) fraction in massive early-type galaxies
(Auger et al. 2010; Tortora et al. 2010; Sonnenfeld et al. 2015).
On galaxy cluster scales, SL is instrumental in modelling their
inner total mass distribution, as it allows the use of multi-
ple images of lensed background sources as constraints on
the cluster’s gravitational potential (Caminha et al. 2017, 2019;
Acebron et al. 2018; Lagattuta et al. 2019; Bergamini et al.
2019, 2021; Lagattuta et al. 2022; Bergamini et al. 2023a,b).
Furthermore, the magnification effect of SL allows galaxy clus-
ters to act as cosmic telescopes, thus enabling the study of
faint high-redshift sources that would otherwise be unobservable
(Swinbank et al. 2009; Richard et al. 2011; Vanzella et al. 2020,
2021).

Traditionally, visual inspection has been the primary
method for confirming lens candidates, typically following
an initial pre-selection based on spectroscopic, photomet-
ric, or morphological criteria (e.g. Le Fèvre & Hammer
1988; Jackson 2008; Sygnet et al. 2010; Pawase et al. 2014;
Euclid Collaboration: Bergamini et al. 2026). However, current
and next-generation astronomical surveys, such as Euclid
(Euclid Collaboration: Mellier et al. 2025), the Nancy Grace
Roman Space Telescope (Green et al. 2012), and the Vera
C. Rubin Observatory Legacy Survey of Space and Time
(Ivezić et al. 2019), are expected to produce unprecedented
volumes of imaging data over the coming decade. For example,
Euclid alone is predicted to yield approximately 105 galaxy-
galaxy SL events (Collett 2015; Acevedo Barroso et al.
2025; Euclid Collaboration: Walmsley et al. 2026)
as well as around 5000 strongly lensing clusters
(Euclid Collaboration: Bergamini et al. 2026) out of the
more than 105 galaxy clusters up to z = 2 it is expected to detect
(Euclid Collaboration: Adam et al. 2019).

The visual inspection of Euclid Q1
(Euclid Quick Release Q1 2025) cluster lens candidates
carried out in Euclid Collaboration: Bergamini et al. (2026)
involved the coordinated effort of around 40 expert astronomers
to assess approximately 1300 candidate clusters within large
4′ × 4′ cutouts. This task required several weeks of distributed
work, underscoring the resource-intensive nature of such visual
inspection. While effective, this approach is not sustainable for
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future data releases, which will contain orders of magnitude
more data. Our goal with this work is precisely to address
this challenge. This problem underscores the need for more
efficient, scalable, and automated approaches to analyse the vast
amounts of data produced by these surveys. In the past decade,
several alternative methods have been developed for detecting
SL events, particularly on galaxy scale. These methods range
from semi-automated algorithms designed to detect arc- and
ring-like structures (e.g. More et al. 2012; Gavazzi et al. 2014;
Sonnenfeld et al. 2018) to crowd-sourced science initiatives
(e.g. Marshall et al. 2016; Sonnenfeld et al. 2020). Several
arc-finding algorithms proposed in the literature identify grav-
itational arcs by detecting elongated structures in the surface
brightness distribution, for example, by correlating local ellip-
ticities across overlapping image cells (Seidel & Bartelmann
2007) or by segmenting objects using local intensity gradi-
ents and applying selection criteria based on elongation (e.g.
length-to-width ratio) and morphological properties (Xu et al.
2016). Within this framework, machine learning (ML) and deep
learning (DL) techniques have emerged as the most promising
tools for identifying SL events (e.g. Metcalf et al. 2019).

Astronomy has benefited from applying ML and DL to
both simulated and real survey data. These applications include,
for instance, star detection (He et al. 2023), quasar and galaxy
classification (Bailer-Jones et al. 2019; Clarke et al. 2020),
photometric redshift estimation (D’Isanto & Polsterer 2018;
Schuldt et al. 2021), cluster member classification (Angora et al.
2020), optimisation of stochastic models for the generation of
gamma-ray burst light curves (Bazzanini et al. 2024); for an in-
depth review, we refer to Huertas-Company & Lanusse (2023).
Due to their efficiency and high performance in image pat-
tern recognition, supervised DL techniques, particularly con-
volutional neural networks (CNNs; LeCun et al. 1998, 2015),
are becoming increasingly crucial for analysing astrophysical
datasets. CNNs indeed have emerged as a powerful tool for
identifying SL systems in imaging surveys (e.g. Petrillo et al.
2017; Cañameras et al. 2020; Huang et al. 2020; Jia et al.
2023; Angora et al. 2023; Euclid Collaboration: Walmsley et al.
2026). Once trained, these networks can process single images
in a fraction of a second.

The field of computer vision has recently greatly advanced in
areas such as object detection, classification, and semantic seg-
mentation. The mask region-based convolutional neural network
framework (Mask R-CNN; He et al. 2017) has set the bench-
mark for DL models in instance segmentation. Mask R-CNNs
have been applied in astrophysics for detection, deblending,
and classification of astronomical sources (Burke et al. 2019;
Merz et al. 2024); for detection and morphological classification
of galaxies (Farias et al. 2020); for detecting ‘ghosting artefacts’
(Tanoglidis et al. 2022); for detecting magnetic bright points in
the solar photosphere (Yang et al. 2019, 2023); and for the detec-
tion and morphological classification of extended radio sources
(Lao et al. 2023).

Deep learning methods, however, require training on suit-
able simulated datasets due to the limited number of con-
firmed SL systems, especially in galaxy clusters. To this end,
considerable efforts have been made in recent years to sim-
ulate SL events akin to those observed by both ongoing
and upcoming surveys. These simulations typically consist
of generating mock images of SL events by superimposing
simulated lensed sources onto foreground galaxies using var-
ious techniques (Meneghetti et al. 2008, 2010; Metcalf et al.
2019; Euclid Collaboration: Leuzzi et al. 2024). These sources
are then combined with real or synthetic images using ray-

tracing techniques, such as GLAMER (Metcalf & Petkova 2014;
Petkova et al. 2014) and GRAVLENS (Keeton 2001).

In this work, we focus on detecting strongly lensed
bright arcs on galaxy cluster scales, rather than galaxy-
scale lensing events. Compared to galaxy-scale SL, typ-
ically searched for in small cutouts (e.g. 10′′ × 10′′,
Euclid Collaboration: Walmsley et al. 2026), cluster-scale arc
detection presents additional challenges. The larger field of view
used in our case (2′×2′) contains hundreds of sources per image,
increasing the likelihood of source confusion and false positives.
Furthermore, the cluster environment is more complex, featuring
numerous bright and extended foreground galaxies and diverse
arc morphologies caused by the complex multi-component mass
distribution. These factors make automated detection particu-
larly demanding.

The challenges of gravitational arc detection in galaxy clus-
ters are well-suited for the Mask R-CNN framework; this
advanced neural network (NN) indeed offers key advantages
over standard CNNs. In particular, it can process full-size images
of galaxy clusters thanks to its ability to handle inputs of vari-
able size without requiring resizing to a fixed input dimension,
thereby preserving morphological features and spatial informa-
tion. We adopted Mask R-CNN not for pixel-level arc measure-
ments but because its instance-segmentation framework natu-
rally enables simultaneous detection, classification, and segmen-
tation of multiple objects in a single image at different scales,
allowing it to distinguish individual arc instances within large,
crowded fields. Our primary goal in this work is therefore lens
finding on cluster scales, not obtaining high-precision masks for
example for downstream automated lens modelling. These capa-
bilities make Mask R-CNNs an effective choice for addressing
the complexity of the cluster-scale lensing regime, positioning
this work as an innovative application of advanced computer
vision techniques to SL in wide-field surveys.

We trained, validated, and tested the performance of a Mask
R-CNN using simulated cluster-scale SL events in Euclid simu-
lated images (Euclid Collaboration: Bergamini et al. 2025). The
mock Euclid imaging data were generated from Hubble Space
Telescope (HST) observations. To build the training set, we
simulated thousands of galaxy cluster SL (GCSL) arcs by tak-
ing advantage of high-precision cluster lens models constructed
by Caminha et al. (2017, 2019), Bergamini et al. (2019, 2021,
2023a,b) using the public software lenstool (Kneib et al.
1996; Jullo et al. 2007; Jullo & Kneib 2009). We then further
tested the NN by applying it to real Euclid images of lensing
clusters found in Euclid Collaboration: Bergamini et al. (2026),
comparing the results of the NN inference with the lensing
events found with a visual inspection. After training, this method
proved to be extremely efficient, detecting gravitational arcs in
Euclid in a 3 × 1199 × 1199 pixel image in a fraction of a
second using a single NVIDIA Quadro RTX 6000 GPU. Our
code, ARTEMIDE (ARcs in clusTErs using Mask r-cnn IDEn-
tifier), is free and open source, and available in our GitHub
repository1.

This paper is organised as follows. In Sect. 2 we describe
how the training set is produced via SL simulations. In Sect. 3,
we introduce the Mask R-CNN framework, describing in detail
the architecture of our implementation and the training setup. In
Sect. 4, we present the results of the trained network, we evalu-
ate its performance on the test set, and we further test it on real
Euclid Q1 images. In Sect. 5, we discuss the results. Finally, in
Sect. 6 we summarise and conclude.

1 https://github.com/LBasz/ARTEMIDE
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Table 1. Description of the cluster sample included in the GCSL set of
simulations.

Galaxy clusters zcl
Training + Validation Set (4000 + 500 images)

RX J2129+0005 (R2129) 0.234
Abell 2744 (A2744) 0.308
MACS J1931−2635 (M1931) 0.352
MACS 1115+0129 (M1115) 0.352
MACS J0416−2403 (M0416) 0.397
MACS J1206−0847 (M1206) 0.439
MACS J0329−0211 (M0329) 0.450
RX J1347−1145 (R1347) 0.451
MACS J2129−0741 (M2129) 0.587
Test Set (500 images)
Abell S1063 (A1063) 0.348

Throughout this paper, we assume a flat Λ cold dark mat-
ter (ΛCDM) cosmology with ΩΛ = 0.7, Ωm = 0.3, and H0 =
70 km s−1 Mpc−1. Magnitudes are reported in the AB system
(Oke & Gunn 1983), unless otherwise stated.

2. Dataset

In this section, we outline the procedure for generating the train-
ing set. We support multi-band Flexible Image Transport System
files (FITS; Pence et al. 2010) as image input for the Mask R-
CNN. In order to train a NN with a supervised learning approach,
we typically need a large training set of lensing and non-lensing
examples. However, the number of real cluster-scale gravita-
tional arcs is limited to a small sample; therefore, to produce
the ‘positive’ class examples we had to resort to SL simulations.

Since the most accurate lens models of galaxy clusters are
available for objects observed by the HST, to generate the train-
ing set we had to degrade the HST images in order to repro-
duce the observational parameters of the Euclid survey. We per-
formed this task starting from the Python code HST2EUCLID
(Euclid Collaboration: Bergamini et al. 2025), a tool for con-
verting HST observations into Euclid-like imaging data. With
this software, we created the simulated dataset of mock Euclid
images, starting from ten HST observations of galaxy clus-
ters (see Table 1) observed in the Cluster Lensing and Super-
nova Survey with Hubble (CLASH2; Postman et al. 2012) and
the Hubble Frontier Fields (HFF3; Lotz et al. 2014, 2017) pro-
grammes. Since the mock images are based on real observa-
tions, they inherently capture all the complexities present in the
observed galaxy clusters.

2.1. Euclid

The Euclid mission is a space-based survey by the European
Space Agency that uses a telescope equipped with a 1.2 m mir-
ror (Euclid Collaboration: Mellier et al. 2025). The Euclid Wide
Survey (EWS; Euclid Collaboration: Scaramella et al. 2022)
will map approximately 14 000 deg2 of extragalactic sky with
low zodiacal background and low Galactic extinction. The
Euclid Deep Survey, instead, will cover about 50 deg2, achiev-
ing depths two magnitudes deeper than the wide survey. The

2 https://archive.stsci.edu/prepds/clash
3 https://archive.stsci.edu/prepds/frontier

first Euclid Quick Data Release (Q1; Euclid Quick Release Q1
2025) comprises 63.1 deg2 of the Euclid Deep Fields to nom-
inal wide-survey depth, and contains about 30 million objects
(Euclid Collaboration: Aussel et al. 2026).

The Euclid telescope is equipped with two instruments:
a visible imager (VIS; Euclid Collaboration: Cropper et al.
2025), and a Near-Infrared Spectrometer and Photome-
ter (NISP; Euclid Collaboration: Jahnke et al. 2025). VIS
is a large-format imager with a field of view (FoV) of
0.54 deg2 sampled at 0′′.1 pixel−1, operating in a single
red passband (Euclid Collaboration: Mellier et al. 2025).
NISP is a near-infrared imager and slitless spectrome-
ter, and provides multiband photometry and slitless grism
spectroscopy in the wavelength range 920−2020 nm,
using the light transmitted by the dichroic beamsplitter
(Euclid Collaboration: Mellier et al. 2025). With a pixel scale
of 0′′.3 pixel−1, the NISP FoV covers a nearly square-shaped
0.57 deg2 (Euclid Collaboration: Mellier et al. 2025). The VIS
photometric channel offers one passband, IE (550−920 nm),
while the NISP photometric channel offers three of them:
YE (949.6−1212.3 nm); JE (1167.6−1567.0 nm); and HE
(1521.5−2021.4 nm). The requirements on the VIS point-spread
function (PSF) is a FWHM smaller than 0′′.18 at 800 nm, while
for the NISP PSFs the FWHM is 1.10 pixel in YE, 1.17 pixel
in JE, and 1.19 pixel in HE, when fitting a Moffat profile
(Euclid Collaboration: Mellier et al. 2025).

2.2. HST2EUCLID

HST2EUCLID is a code developed by
Euclid Collaboration: Bergamini et al. (2025) to create simu-
lated Euclid images in the IE, YE, JE, and HE, bands starting
from real HST observations. Although originally designed to
produce mock Euclid observations of galaxy clusters, this tool
can also be applied to any sufficiently deep HST image to create
the corresponding Euclid-like observations, provided that the
relevant HST filters overlap with the Euclid photometric bands
that we want to simulate. Specifically, the HST/F606W and
HST/F814W filters are combined to simulate the Euclid IE band,
while from the HST/F105W, HST/F125W, and HST/F160W
filters we simulate the YE, JE, and HE bands. For further details
on the methodology and implementation, we refer the reader to
the original publication.

The HST2EUCLID simulation pipeline was validated through
a series of three tests on the resulting Euclidised images. First,
a check that the simulated images reach the expected depth of
the EWS observations. Then, the distribution of galaxy sizes
were measured in blank fields. Finally, the galaxy number counts
detected in the Euclidised images were estimated to ensure con-
sistency with expectations.

In our work, we exploited the Euclidised images in the four
Euclid photometric bands of ten massive galaxy clusters (see
Table 1), obtained with HST2EUCLID. We then simulated the
GCSL events, and co-added them to the generated Euclidised
image.

2.3. Lensing simulations

For the GCSL event simulations, we utilise deflection angle
maps derived from high-precision SL models of ten galaxy clus-
ters as presented by Caminha et al. (2019) and Bergamini et al.
(2019, 2021, 2023a,b, see Table 1)4 with the lenstool software

4 These lens models are publicly available at https://www.fe.
infn.it/astro/lensing/
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Fig. 1. Steps of a Euclid GCSL simulation. Left: HST2EUCLID 2′ × 2′ RGB image of the galaxy cluster Abell S1063 (zcl = 0.348), with the main
critical line (in red) for a source at zs = 2.92, based on the lens model by Bergamini et al. (2019). The critical line has a circularised Einstein radius
of θE ' 33′′. The green cross marks the position of the injected source to be lensed. Middle: Source plane at zs = 2.92 displaying the caustic (in
red) related to the main critical line. The injected source (green cross) features a Sérsic profile (index n = 1.22, reff = 0′′.11), with YE = 24.8 and the
SED of a star-forming galaxy; these parameters were sampled according to the procedure described in Sect. 2.3. Right: Colour-composite image
of the simulated GCSL system, including the critical line (red dotted line). Green boxes enclose the gravitational arcs resulting from the lensing
simulation, which are also shown in the bottom inset.

(Kneib et al. 1996; Jullo et al. 2007; Jullo & Kneib 2009). These
models utilise extensive spectroscopic data of multiple images to
accurately represent both the large-scale mass distribution of the
cluster and the sub-halo mass distribution (i.e. the cluster mem-
ber galaxies). This detailed modelling captures the impact on the
morphology, brightness, and occurrence of GCSL events.

Each cluster’s total mass distribution is represented by a
parametric model of the overall lensing potential. This model
incorporates the following components:

– A cluster-scale component, consisting of DM halos and,
when available, the smooth intra-cluster hot-gas mass from
Chandra X-ray observations (Bonamigo et al. 2017, 2018).

– A sub-halo mass component associated with cluster galax-
ies. The mass density profile of each sub-halo, including both
dark and baryonic matter, is typically characterised by either
a spherical or an elliptical singular dual-pseudo isothermal
profile (Limousin et al. 2005; Elíasdóttir et al. 2007). This
profile is further refined using measured stellar velocity dis-
persions from extensive samples of cluster member galaxies
(Bergamini et al. 2021).

– Any other massive objects in the galaxy cluster outskirts or
along the line of sight.

These lens models effectively reconstruct the observed positions
of numerous multiple images (ranging from approximately 20 to
200), with a typical accuracy of .0′′.5.
lenstool (Kneib et al. 1996; Jullo et al. 2007;

Jullo & Kneib 2009) reconstructs the cluster potential by
minimising the offset between the observed positions of
multiple images and those predicted by the model, given a
specific set of model parameters. The reduced deflection angle,
α, characterises the relation between the true position of the
source β and its observed location θ using the lens equation
(Meneghetti 2021)

β = θ − α(θ). (1)

The simulation process is implemented using the Python
library PyLensLib (Meneghetti 2021), and the key steps can be
summarised as follows.
1. Given the mass distribution and redshift of the lens galaxy

cluster and the redshift of the source, we numerically com-

pute the deflection angle maps. Then, we derive the con-
vergence and shear maps, these being the elements of the
Jacobian matrix describing the image distortion, whose
inverse matrix is known as the ‘magnification tensor’. Criti-
cal curves are then identified as the set of points where mag-
nification diverges to infinity. An example of a tangential
critical curve for the galaxy cluster Abell S1063 (zcl = 0.348)
and a source at redshift zs = 2.92 is shown in red in Fig. 1
(left panel).

2. The primary critical line is mapped into the corresponding
caustic line on the source plane (central panel in Fig. 1) using
the lens equation (Eq. 1).

3. We simulate the lensing event by injecting a Sérsic surface
brightness profile (Sérsic 1963, 1968), Is(β), near the pri-
mary caustic line, within a buffer of width 0′′.5. We choose
only the points within the buffer with a magnification fac-
tor µ greater than 50. Since lens mapping conserves surface
brightness, we can relate the observed and intrinsic surface
brightnesses, I(θ) and Is(β), using the lens equation I(θ) =
Is(β); this allows us to directly reconstruct the source image
in the lens plane through ray tracing (Meneghetti 2021).

4. Finally, the GCSL event is produced by convolving the sim-
ulated arcs with the Euclid PSF for each band, and then co-
adding it to the HST2EUCLID base image in each filter (right
panel in Fig. 1).

For the injected sources, we use a source spectral energy dis-
tribution (SED) based on a star-forming galaxy template from
Kinney et al. (1996). Table 2 lists the Sérsic parameters along
with their adopted value ranges. The Sérsic index, n, is sam-
pled from a uniform distribution within [1.0, 2.0], which cor-
responds to typical starburst profiles of late-type galaxies. The
axis ratio q and position angle ϕ are randomly drawn from
uniform distributions in the ranges [0.2, 1.0] and [0, π], respec-
tively. To closely reproduce the observed properties of the Sér-
sic sources, we follow the approach of Angora et al. (2023) and
adopt a non-uniform sampling of the remaining parameters. For
the source intrinsic magnitudes and redshifts we estimated the
number counts in the i-band (that is, the number of galaxies per
square degree per magnitude bin) from the COSMOS 2015 cat-
alogue (Scoville et al. 2007; Laigle et al. 2016). Moreover, we
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Table 2. Sérsic parameters and their adopted value ranges for the
injected sources.

Parameter Sampling strategy

Coordinate (ys, source plane) Sampled within a buffer
around the main caustic

Source magnitude (i) Sampled from PDF, p(i)
COSMOS + HST fields

Source redshift (zs)
Sampled from PDF, p(z|∆i)
COSMOS

Effective radius (reff)
reff(z) = 2.54 kpc, z ≤ 1
reff(z) = B(1 + z)β, z > 1
(Shibuya et al. 2015)

Sérsic index (n) Sampled fromU[1.0, 2.0]
Axis ratio (q) Sampled fromU[0.2, 1.0]
Position angle (ϕ) Sampled fromU[0, π]

complemented this with HST Deep Field North and South obser-
vations (Williams et al. 1996; Metcalfe et al. 2001) in F814W
(Capak et al. 2007), which extends the galaxy counts to the faint
end, down to F814W = 29. Then, we used the COSMOS pho-
tometric redshift catalogue to fit a redshift probability density
function (PDF), i.e. p(z |∆i), in six magnitude bins, using a func-
tion of the form p(z |∆i) = Az2 exp(−z/z0) for i ∈ [22, 24)
and p(z |∆i) = Az2 exp(−

√
z/z0) for the other magnitude bins

(Lombardi & Bertin 1999; Lombardi et al. 2005); see also Fig. 3
in Angora et al. (2023). We then use these PDFs to assign a
source IE magnitude to each background galaxy and, given this
magnitude, a corresponding redshift.

For the injected sources, we retained only those with
sampled magnitudes up to one magnitude fainter than
the Euclid IE-band limiting magnitude, i.e. up to IE =
25.5 (Euclid Collaboration: Scaramella et al. 2022). Following
Meneghetti et al. (2022), we also enforce a lower limit for the
source redshift of zs = zcl + 0.4. Indeed, their study, which
examined the lensing cross-section of the galaxy clusters used in
this work, showed that the lensing cross-section increases sub-
stantially beyond zero for source redshifts roughly greater than
zcl + 0.4.

Finally, to assign an effective radius reff to the injected back-
ground galaxies, we use an empirical relation from Shibuya et al.
(2015), describing how galaxy sizes evolve with redshift. This
relation takes the form reff = B(1 + z)β, based on galaxy size
estimates in both optical and ultraviolet bands. However, since a
comparison with the effective radii measured by Tortorelli et al.
(2018) for low-redshift galaxies shows a significant overestima-
tion, we apply this relation only for z > 1, adopting a constant
reff for z ≤ 1 (see left panel of Fig. 4 in Angora et al. 2023).

2.4. Building the knowledge base

The described method enables the simulation of a large number
of realistic GCSL events involving bright gravitational arcs. The
cluster’s lens model is required to produce the knowledge base
consisting of these lensing simulations. In addition, all galaxy
clusters used in the training set already exhibit real cluster-scale
bright gravitational arcs. The training set was generated as fol-
lows:
1. Use the ten available highly accurate lens models of the HST

clusters, as done in Angora et al. (2023, see Table 1).

2. Generate Euclid-like images of these galaxy clusters using
HST2EUCLID (Euclid Collaboration: Bergamini et al. 2025).

3. Simulate 500 SL events for each galaxy cluster using
pyLensLib (Meneghetti 2021). The simulations in the NISP
bands were generated at 0′′.3 pixel−1 and then upsampled to
the pixel scale of VIS (0′′.1 pixel−1).

The combined training and validation set consists of 4500
Euclid-like galaxy cluster images, each with dimensions of
120′′ × 120′′. On these images, simulated gravitational lensed
arcs (in addition to the existing ones) were added by randomly
injecting Sérsic sources in the background, near the regions of
higher magnification (µ ≥ 50). We kept the injected arcs only if
their areas were larger than 400 pixels; this area cut was imple-
mented to focus the training specifically on the detection of giant
and bright arcs, which are the primary targets of this work. This
approach avoids the ambiguity inherent in smaller, fainter lensed
arcs that could be confused by the NN with other objects, for
instance edge-on galaxies or stellar spikes, which could poten-
tially degrade the network’s performance and increase the rate of
false positives. This simulation process enables the direct extrac-
tion of bounding boxes and binary masks of the injected arcs.
Conversely, the masks of pre-existing gravitational arcs were
manually extracted for each cluster.

All the 500 simulations corresponding to the last galaxy clus-
ter in Table 1, namely A1063, were excluded from the training
set. Instead, they were used exclusively as a test set for evaluat-
ing the performance of the NN.

Although the training set is based on only ten clusters, each
of them provides a very rich lensing environment: they contain
numerous real arcs and highly structured mass distributions, and
by injecting simulated sources we can generate thousands of
independent realisations that preserve realistic cluster morpholo-
gies.

3. Network and training

In this section, we describe our implementation of the Mask R-
CNN for detecting bright gravitational lensing arcs in galaxy
clusters. Our training procedure follows a supervised learn-
ing approach, utilising simulated SL events (and corresponding
masks) on top of Euclidised images.

3.1. Implementation

Object detection and classification involve identifying objects
within an image and assigning them to predefined classes.
Semantic segmentation, on the other hand, labels each pixel
of an image according to its class, without distinguish-
ing between individual object instances. Instance segmen-
tation combines these tasks by both detecting objects and
generating a separate segmentation mask for each individ-
ual instance (Mueed Hafiz & Mohiuddin Bhat 2020). He et al.
(2017) proposed the Mask R-CNN, an advanced framework for
instance segmentation, extending the Faster R-CNN architecture
(Girshick 2015; Ren et al. 2015). Mask R-CNN adds a branch
for pixel-level segmentation and operates in two stages: first,
generating object proposals and classifications, and then apply-
ing bounding boxes and segmentation masks to the image (see
Fig. 2).

The Mask R-CNN architecture offers several key advantages
over traditional CNNs when applied to lens detection tasks.

– Instance segmentation. Unlike conventional CNNs that pri-
marily perform image classification or basic object detection,
Mask R-CNN generates detailed pixel-level segmentation
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masks for each detected object. It seamlessly integrates clas-
sification, bounding box regression, and segmentation tasks,
whereas standard CNNs typically focus on a single task, such
as whole-image classification.

– Multi-object detection. Mask R-CNN is capable of detecting
and segmenting multiple objects within a single image, even
at different scales, while effectively distinguishing individual
instances. In contrast, traditional CNNs often face challenges
in identifying and separating overlapping objects.

– Flexible input handling. Mask R-CNN can process images of
varying sizes without the need to resize them to a fixed input
dimension, unlike many standard CNN implementations.
This flexibility helps preserve fine spatial details and pre-
vents the loss of morphological information that can occur
by interpolation during image resizing–an important advan-
tage when working with high-resolution astrophysical data.

– No need to produce the ‘negatives’. In the Mask R-CNN
architecture every object that is not flagged as belonging to
the ‘positive’ class (i.e. gravitational arcs) automatically per-
tains to the ‘negative’ one, removing in this way the need to
create a fraction of the training set containing no arcs.

The code used in this work is based on the Python5 implemen-
tation of the Mask R-CNN from torchvision (TorchVision
2016), built on the pytorch framework (Paszke et al. 2019;
Ansel et al. 2024). The initial stage of the Mask R-CNN utilises
a pre-trained CNN, known as the ‘backbone’, to extract fea-
ture maps from input images. The standard Mask R-CNN model
(He et al. 2017, maskrcnn_resnet50_fpn6 in torchvision)
utilises as backbone the ResNet-50 residual NN (He et al. 2015).
ResNets function as a feature extractor, with their initial layers
capturing low-level features, such as edges and corners, and their
deeper layers capturing high-level features via residual learn-
ing. ResNets are CNNs that employ ‘skip connections’, which
allow the creation of deep architectures with many layers while
avoiding the accuracy degradation issues commonly affecting
deep NNs (He et al. 2015). This accuracy degradation happens
because, as network depth increases, accuracy initially saturates
and then swiftly declines (Bengio et al. 1994; He et al. 2017).
The root cause of this problem lies in the backpropagation pro-
cess, where continual multiplications by small weights diminish
gradient sizes to the point of ineffectiveness; this issue is com-
monly known as the ‘vanishing gradient problem’ (Pascanu et al.
2012).

To handle objects of varying scales, features are extracted at
different backbone stages and combined using a feature pyra-
mid network (FPN; Lin et al. 2016), which integrates multi-
scale features by sharing information across hierarchical lay-
ers (Lakshmanan et al. 2021). The extracted feature maps are
processed by the region proposal network (RPN; Ren et al.
2015), which generates object proposals using a sliding window
approach that defines anchor boxes of varying sizes and aspect
ratios at each spatial location on the feature map (Ren et al.
2015; Elgendy 2020). The RPN is trained to classify anchors
as containing an object or not, while refining their bounding
boxes, using a dedicated loss function to address both classifi-
cation and regression tasks. In our implementation, we employ a
set of anchors of sizes {32, 64, 128, 256, 512} pixels, with aspect
ratios {0.5, 1, 2}. The subsampling factor of ResNet-50, i.e. the

5 https://www.python.org/
6 https://pytorch.org/vision/stable/models/generated/
torchvision.models.detection.maskrcnn_resnet50_fpn.
html

Fig. 2. Mask R-CNN architecture. Adapted from Jung et al. (2019).

ratio by which the spatial dimensions of an image are reduced as
it passes through the NN, is 32.

Non-maximum suppression (NMS; Girshick 2015) is subse-
quently applied to the proposed anchor boxes. This procedure
begins by sorting all generated boxes according to their object-
ness scores, i.e. the confidence estimated by the network that a
given region contains an object of interest. The algorithm then
iteratively selects the box with the highest score and compares
it against all remaining boxes using the intersection over union
(IoU) metric,

IoU =
|A ∩ B|
|A ∪ B|

, (2)

where A and B denote two bounding boxes, the numerator rep-
resents the area of their intersection, while the denominator cor-
responds to the area of their union. To filter the RPN proposals,
we adopt the default threshold of IoURPN

thr = 0.7 (He et al. 2017).
Boxes that exhibit high IoU overlap with the selected box are
suppressed, effectively removing redundant proposals. This pro-
cess is repeated with the next highest-scoring unsuppressed box
until all boxes have been processed or a predefined maximum
number of proposals is reached. NMS thus helps reduce compu-
tational load and enhances detection accuracy by retaining only
the most promising, non-overlapping candidate regions.

The highest-ranked boxes, determined by their likelihood of
containing an ‘object’, are selected as the region of interest (RoI)
for the following stage of the pipeline. In our work, we categorise
RoIs into two classes, ‘gravitational arcs’ and ‘background’; the
latter, being trivial, was not considered.

In the final stage of the Mask R-CNN, three tasks are per-
formed simultaneously: a softmax classifier assigns probabilities
for K + 1 categories (K = 1 in our case since we have only the
‘gravitational arcs’ class, while the +1 is for the background),
a regression module refines bounding box coordinates, and a
fully convolutional network generates pixel-wise binary masks
within the RoI for semantic segmentation. The overall loss func-
tion of the Mask R-CNN is computed as the sum of these three
contributions.

Transfer learning is a technique that enables NNs to lever-
age knowledge acquired from one task to enhance performance
on a related but distinct task (refer to Tan et al. 2018 for an
overview). This methodology capitalises on pre-existing weight
values derived from one dataset, employing them as the founda-
tion for network initialisation for training the network on another
dataset. The advantages of this technique are twofold: it acceler-
ates the training process, and it mitigates network overfitting.

In our work, we utilise as a starting point the Mask R-
CNN weights pre-trained on the Microsoft Common Objects in
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Context (MS COCO; Lin et al. 2014) dataset. The MS COCO is
a large-scale object detection, segmentation, key-point detection,
and captioning dataset. It consists of 328 000 RGB 3-channel
images of common objects, categorised into 91 classes. By uti-
lizing transfer learning, we leverage the “universal” low-level
geometric features learned from the images in MS COCO (e.g.
edges, curves, and corners), allowing our model to generalise
effectively despite the small number of instances in our train-
ing set. This allows the subsequent training on our specialised
dataset to focus exclusively on learning the high-level morphol-
ogy unique to gravitational arcs. After initialising the pre-trained
NN parameters, we made trainable all its ≈44 million parame-
ters, including also the backbone ones.

3.2. Data preparation

Since the pytorch implementation of Mask R-CNN is
designed for standard 3-channel RGB images, an additional pre-
processing step was required to retain as much information as
possible. The third channel was then created by averaging the
JE and HE Euclid bands (henceforth called the JHE band). The
three RGB channels are thus JHE, YE, and IE, respectively.

Before feeding each image to the NN, we standardised the
intensity of the pixels of each image. First, we clipped each
band of the images independently at the 98th-percentile. Then,
for each band of each image in the training set, we rescaled the
pixel values using the z-score normalisation (Bishop & Bishop
2023), in order for the input image values to span a similar range
of values, as

R = (JHE − 〈JHE〉) /σJHE , (3)
G = (YE − 〈YE〉) /σYE , (4)
B = (IE − 〈IE〉) /σIE , (5)

where 〈IE〉 is the average value of the mean of the images in the
IE-band, while σIE is the average standard deviation, both com-
puted over the whole training set (and similarly for the YE- and
JHE-bands). This allows for a faster convergence of the NN and
prevents vanishing or exploding gradients (LeCun et al. 2012).
This standardisation also ensures that the NN is not affected by
the exposure time, detector gain, or the final normalisation of the
pipeline-reduced images. The same data standardisation is then
applied to real images during the inference phase.

We performed data augmentation on the training set, which
makes the NN invariant with respect to the included transforma-
tions applied (Mikołajczyk & Grochowski 2018). In particular,
we augmented the data by randomly applying to each image the
following transformations, preserving classes, bounding boxes,
and object masks:

– horizontal flip, with 50% probability;
– vertical flip, with 50% probability.

These basic augmentations replicate additional observational
setups and conditions with minimal computational overhead,
aiding the NN in better generalising its results.

3.3. Loss function

During training, each sampled RoI has a corresponding mul-
titask loss representing the three assignments of the Mask R-
CNN (classification, location, and segmentation), expressed as
LRoI = Lcls + Lbox + Lmask (He et al. 2017). The classification
loss is Lcls = − ln pu, where pu is the probability estimate from
the NN for the true class u and a discrete probability distribu-
tion p = (p0, . . . , pK) is computed by a softmax on the out-

put of a fully connected layer over K + 1 classes for each RoI
(Girshick 2015). The bounding box loss Lbox again follows the
definition in Girshick (2015), using an L1 smooth loss of the
offsets between predicted and real bounding boxes for each of
the K object classes. For the mask branch, which contains K
binary masks of resolution m × m for each class (m being the
size of the RoI), a per-pixel sigmoid function is applied, lead-
ing to Lmask being the average binary cross-entropy loss (refer
to He et al. 2017 for the details). The final training loss L is the
combination of the classification, box, and mask losses from the
final branches of the Mask R-CNN along with the classification
and box losses from the RPN (Lakshmanan et al. 2021).

3.4. Training

To train the NN, we used an improved version of the stochastic
gradient descent algorithm (SGD; Goodfellow et al. 2016). SGD
updates the model weights Θ by minimising the loss function
L(Θ), as described by

Θ j+1 = Θ j − η
∂

∂Θ j
L(Θ j), (6)

where η represents the learning rate, a hyperparameter that is
fine-tuned to avoid local minima and ensure convergence.

In all epochs, we trained all the weights in all layers using
a learning rate scheduler, starting with a value of η = 10−3 and
gradually decreasing it by a factor of 0.5 every 20 epochs. This
approach facilitates deeper learning and more precise tuning of
the weights while at the same time reducing the risk of overfit-
ting (Goodfellow et al. 2016). The SGD optimiser was initialised
with a momentum value of 0.9, and a weight decay coefficient
of 5 × 10−4. Furthermore, to prevent overfitting we included
the early stopping regularisation (Prechelt 1997; Raskutti et al.
2011).

We trained the NN for 100 epochs in total, processing 4000
training and 500 validation 3 × 1199 × 1199 pixel images per
epoch, in batches of 16. We used a single NVIDIA Quadro
RTX 6000 GPU, with 3840 cores and 24 GB GDDR5 memory,
to train on 4000 simulated 3-band FITS images. The training
took approximately ten hours to complete (wall time). After this
initial cost to train the NN, detection and inference on images of
the same size can be performed in a fraction of a second.

4. Results

In this section, we present the results of the training, the per-
formance of the NN, and the results of the application to real
Euclid imaging data. We begin by testing the model’s perfor-
mance using traditional ML metrics for classification tasks. Fol-
lowing this, we examine the outcomes of applying the trained
Mask R-CNN to real Euclid Q1 observations, in order to assess
its performance in discovering bright gravitational arcs in real
galaxy cluster images.

4.1. Performance metrics

Two classes are present in our dataset, the gravitational arcs
(‘positive’ class) and everything else, i.e. the background and
all other astronomical objects (‘negative’ class). We use the
MS COCO Evaluation Metrics (Lin et al. 2014) to quantitatively
evaluate the performance of the NN. In particular, to measure the
classification performance on the test dataset, we compute pre-
cision (or purity, P), recall (or completeness, R), and F1 score
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(their harmonic mean). Precision tells us how many of the posi-
tive predictions of the model are actually correct. Recall, on the
other hand, is the ratio of correctly identified positive samples to
the total number of actual positive samples in the dataset. These
metrics are defined as

P =
TP

TP + FP
, (7)

R =
TP

TP + FN
, (8)

F1 = 2
P R

P + R
, (9)

where TP stands for true positive, the number of objects correctly
classified as the positive class; TN for true negative, the number
of objects correctly classified as the negative class; FP for false
positive, the number of objects incorrectly labelled as belonging
to the positive class; and FN for false negative, the number of
objects incorrectly labelled as belonging to the negative class.

A detection is considered ‘positive’ if its classification con-
fidence score exceeds a specified minimum threshold pthr such
that its predicted bounding box overlaps with the ground truth
one, giving an IoU larger than a threshold (IoUthr). Therefore,
TPs are identified when a detection has a confidence score
above pthr and can be matched to a ground truth object with
IoU > IoUthr; FNs refer to ground truth objects that lack a cor-
responding detection; and FPs are detections with a high confi-
dence score that do not correspond to any ground truth object.

Precision and recall are not particularly informative when
considered separately; an object detector is considered effective
only if its precision remains high as recall increases (Ivezić et al.
2020). Therefore, to measure the performance of the NN, we
use the average precision (AP) score (Everingham et al. 2010), a
widely adopted metric in the DL and computer vision communi-
ties, which has superseded the area under the receiver operating
characteristic curve. The AP (for a specific class) is calculated
as the area under the precision-recall (P−R) curve, representing
the precision averaged across uniformly distributed recall values
from 0 to 1. Generally, a higher precision at a given recall value
indicates superior model detection performance. This is evi-
denced by a larger area under the P−R curve; hence, higher AP
values indicate better detection capabilities of the model. In this
work, AP was computed for each image by averaging precision
values at 101 equally spaced recall levels, R ∈ [0, 0.01, . . . , 1.0],
namely as (Everingham et al. 2012)

AP =
1

101

∑
R∈[0,0.01,...,1.0]

P(R), (10)

where P(R) is the maximum precision within the interval ∆R.
We then calculate the average of the P−R curves and mean AP
scores across all test set images.

In the MS COCO evaluation metrics, the network’s ability to
distinguish and classify objects is assessed by computing AP in
different ways. We use the standard AP score variants commonly
used in the computer vision field. First, we repeat the computa-
tion of AP varying IoUthr from 0.50 to 0.95 in steps of 0.05,
resulting in ten sets of P−R curves. The ten AP values derived
from these ten sets are then averaged and denoted as AP@50:5:95,
the primary COCO challenge metric. Then, AP50 (the Pascal
VOC metric; Everingham et al. 2010) and AP75 are the AP met-
rics computed with IoUthr fixed at 0.5 and 0.75, respectively.
Additionally, the AP for objects of different pixel areas is com-
puted to evaluate the network’s detection performance across
various object sizes. For gravitational arcs detection, objects
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Fig. 3. Training history of the total loss and all its individual compo-
nents as a function of the training epoch for the training (solid lines)
and validation (dashed lines) datasets. The total loss (black lines) is the
sum of the classification, box, and mask losses from the Mask R-CNN,
along with the classification and box losses from the RPN.

with an area smaller than 162 pixels are denoted as APS, those
with an area between 162 and 322 pixels are denoted as APM,
and those larger than 322 pixels are denoted as APL, calculated
using the same IoU threshold range as that of AP@50:5:95

7. The
average recall (AR) instead is the maximum recall given a fixed
number of detections per image (100 in our case), averaged over
all the categories and IoU threshold values ranging from 0.50 to
0.95 in steps of 0.05.

4.2. Performance on the test set

In Fig. 3 we show the training history of the total loss and its
individual components as a function of the training epoch for
both training and validation sets. The validation loss value sta-
bilised after approximately 20 iterations.

As an example of the inference, we show in Fig. 4 the result
of the application of the trained Mask R-CNN on a galaxy clus-
ter belonging to the test set, and thus, not seen during the train-
ing phase. The green bounding boxes correspond to the ground
truth, i.e. they enclose the gravitational arcs present in the galaxy
cluster (both the real and simulated ones), while the red dashed
boxes are the final proposed ‘positives’ by the NN. We can see
from this example that the NN correctly recovers all the largest
gravitational arcs, missing only the smaller ones and producing
a few false positives.

In Table 3, we present the COCO AP and AR metrics used
to assess the performance of the NN on the test set, showing the
model’s accuracy across various IoU thresholds and object sizes.
These metrics offer insight into the strengths and limitations of
the network. We observe that both AP and AR increase with arc
size, with the best performance achieved in the large object cat-
egory. This is expected, since larger arcs are more easily distin-
guishable from background structures and provide more pixels
for the network to identify and segment. In contrast, smaller arcs
are more affected by noise, and are often harder to resolve, given
the resolution and depth of the images. This trend is also a direct

7 Notice that the values of APS, APM, and APL used in our work are
smaller with respect to those in the COCO Evaluation Metrics, since
the pixel areas of gravitational arcs are generally smaller than typical
COCO images.
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Fig. 4. Left: Euclidised 2′ × 2′ RGB image (R = JHE, G = YE, B = IE) of the galaxy cluster Abell 1063 belonging to the test set. The right-most
arc is the one injected via SL simulation, while the others are real. Right: Single channel 2′ × 2′ Euclidised IE image of the same cluster. The
green boxes enclose the gravitational arcs (both real and simulated) present in the field, i.e. the ground truth, while the red dashed boxes are the
‘gravitational arcs’ found by the NN, which have an object confidence score greater than 0.996.

Table 3. Summary of AP and AR bounding box results of the NN on the test set.

AP@50:5:95 AP50 AP75 APS APM APL ARS ARM ARL

21.8% 54.3% 20.1% −1 15.8% 41.9% −1 18.1% 57.9%

Notes. AP@50:5:95 represents the AP score averaged over IoU thresholds of IoUthr ∈ {0.50, 0.55, . . . , 0.95}. AP50 and AP75 refer to the AP score
at IoU threshold of 0.5 and 0.75, respectively. APS, APM, and APL denote the AP values for sources with small (area < 162 pixel), medium
(162 < area < 322 pixel), and large (area > 322 pixel) bounding box area, respectively, averaged over IoU threshold values ranging from 0.50 to
0.95 in steps of 0.05. Same for the three ARS,M,L. The −1 means that there were no objects belonging to that particular class.

consequence of the fact that our training set included only sim-
ulated arcs with an area larger than 400 pixels, biasing the net-
work towards high completeness and purity in the detection of
large arcs. Furthermore, the comparison between AP50 (54.3%)
and AP75 (20.1%) highlights that while the NN is relatively good
at localising arcs with moderate overlap, it struggles to precisely
match their shape and boundaries – a known challenge in seg-
menting faint, irregular sources.

In Fig. 5a we present the three P−R curves for IoUthr = 0.5,
0.75, and @50:5:958, each obtained by varying the object score
classification threshold pthr. In Fig. 5b we show the P−R curve
for IoUthr = 0.5, where the dots are colour coded by the score
threshold pthr used to evaluate them. Finally, in Fig. 5c we show
the precision and the recall as a function of the score thresh-
old for IoUthr = 0.5. By choosing a fixed value of the object
probability threshold, pthr = 0.996, which can be tuned depend-
ing if we want to maximise precision over completeness, or vice
versa, we can then compute the precision, recall, and F1 score of
the NN on the test set, obtaining P = 75.9%, R = 58.0%, and
F1 = 65.8%.

We note that the test set is composed of images containing
several positive examples by construction. In a realistic scenario,

8 @50:5:95 means the value of the reference metric obtained by aver-
aging it over IoU thresholds of IoUthr ∈ {0.50, 0.55, . . . , 0.95}.

where most clusters do not host giant arcs, the effective precision
would decrease due to the lower prevalence of true positives rel-
ative to false positives.

4.3. Inference on Euclid Q1 lens clusters

As a further test, we wanted to assess the performance of the
NN on the 20 galaxy clusters with lens probability Plens > 0.90
obtained from the Euclid Collaboration: Bergamini et al. (2026)
visual inspection. They presented the first catalogue of SL galaxy
clusters identified in the Euclid Q1 observations, based on a sys-
tematic visual inspection of 1260 richness-selected galaxy clus-
ters from Wen & Han (2024), over an effective area of 4.4 deg2.
They identified 83 gravitational lenses with Plens > 0.5, includ-
ing 14 systems with Plens = 1 that exhibit secure SL features
such as giant tangential and radial arcs, as well as multiple
images.

In Fig. 6, we show in blue the distribution of the areas of the
visually selected gravitational arcs9; in particular, we highlight
the fact that the majority of them (≈65%) have an area which
is smaller than the minimum area used in the training set for
the simulated arcs (i.e. 400 pixels, indicated in the plot by the

9 These binary masks were manually drawn based on the bound-
ing boxes surrounding the lensing events provided by the expert
astronomers in Euclid Collaboration: Bergamini et al. (2026).
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Fig. 5. Panel (a): Two sets of three P−R curves for IoUthr = 0.5, 0.75, @50:5:95, each obtained by varying the object score threshold pthr. Panel (b):
P−R curve for IoUthr = 0.5, where the dots are colour-coded by the score threshold pthr used to evaluate them. In particular, we emphasise the P−R
pair associated with our choice of score threshold pthr = 0.996. Note that the recall remains relatively high even at moderate precision, reflecting the
network’s ability to recover most bright arcs while keeping the number of false positives manageable. Increasing the threshold shifts the operating
point towards higher precision at the expense of recall. The extended horizontal segments are an artefact of the test set construction: all 500 test
images are simulations based on the same cluster (Abell 1063). As a consequence, a subset of detections (and their associated confidence scores)
remains identical across the test set, producing clustered score values and thus plateau-like features in the PR curve. Panel (c): Two precision and
the recall curves as a function of the score threshold for IoUthr = 0.5.

black dashed line). The red line instead shows the area distribu-
tion of the gravitational arcs correctly recovered by the NN. As
expected, the majority of arcs with area larger than the training
threshold are found (12/18 ≈ 66%). Overall, by considering all
the arcs found during the visual inspection in the 20Plens > 0.90
galaxy clusters as the ground truth for a further test set, the NN
achieves a precision value of P = 19%, and recall of R = 42%.
In Appendix A we show the predictions of the NN as bounding
boxes over-plotted on the images of these 20 Euclid Q1 clusters,
alongside the real arcs found during the visual inspection.

5. Discussion

Despite the promising results, certain limitations remain. Bright
stars and elongated shapes occasionally mimicking arcs, pro-
duce false positives, highlighting the need for improved pre-
processing of the images and more diversity in the training
set. Increasing the prevalence of such challenging objects in
the training set could help the network better distinguish true
arcs from lens-like false positives. While the simulated dataset
effectively mimics real observations, the reliance on simulations
may limit generalisability. As Euclid acquires more observa-
tional data, the performance of the Mask R-CNN is expected
to improve for several reasons. With more real Euclid obser-
vations available, we can generate larger and more representa-
tive training datasets. This will help mitigate domain shift issues
between simulated and real data, improving the generalisation
of the network. Moreover, new mock datasets can be generated
with more realistic arc properties, taking into account improved
lens models, observational systematics, and the full range of
image conditions and artefacts in Euclid data. For instance, using
real Euclid cluster images as the background onto which mock
lensed sources are injected ensures that the simulations accu-
rately reflect the properties of the actual observations, includ-
ing realistic noise, PSF, photometric depth, and the presence of
instrumental features such as diffraction spikes or saturated stars.
Once a sufficiently large real dataset is available, fine-tuning the
existing Mask R-CNN model with actual Euclid images, rather
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Fig. 6. Distribution of area in pixels of the gravitational arcs found
by expert astronomers in the 20 Euclid Q1 clusters with Plens >
90% (Euclid Collaboration: Bergamini et al. 2026). The dashed red line
shows the minimum value of the area of the arcs used as the ground truth
for the training (400 pixels).

than only relying on simulated arcs, will lead to better perfor-
mance.

While the average precision and average recall test set results
for large arcs (APL and ARL) are promising, the situation for
medium- and small-sized ones reflected the inherent challenges
in detecting these structures, which are often faint, blended with
cluster galaxies, and affected by noise. In our work, we aimed
particularly at detecting large bright gravitational arcs; there-
fore, the arcs injected in the training set reflected this goal.
With continued improvements in training datasets, preprocess-
ing, and model architecture, the detection of medium-sized arcs
is expected to improve. However, small arcs will remain partic-
ularly challenging to detect due to their intrinsically low signal-
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to-noise ratios, and the higher abundance of small objects in the
field that can mimic arc-like morphologies, compared to the rarer
large arc-like features that are not genuine arcs.

6. Summary and conclusions

In this paper, we have developed a DL methodology to
autonomously identify cluster-scale SL gravitational arcs within
Euclid multi-band imaging of galaxy clusters. The challenges
of gravitational arc detection in wide-field surveys are well-
suited for the Mask R-CNN architecture, an advanced computer
vision framework offering several important advantages over tra-
ditional CNNs. First, it performs instance segmentation, gen-
erating detailed pixel-level masks for each detected object by
integrating classification, bounding box regression, and segmen-
tation into a unified framework. Standard CNNs, instead, are
typically limited to single-task operations such as whole-image
classification. In addition, Mask R-CNN can detect and seg-
ment multiple objects within a single image, even when they
appear at different scales or overlap, effectively distinguishing
individual instances, something conventional CNNs often strug-
gle with. Another important advantage is interpretability: The
pixel-level segmentation masks produced by the Mask R-CNN
framework makes it possible to visualise exactly which image
regions the network has identified as arcs. This aids in under-
standing the origin of false positives, a task that is far more chal-
lenging with conventional CNNs that provide only image-level
classifications. Finally, it can handle input images of varying
sizes without requiring resizing to a fixed dimension, preserving
structural details. In this context, our work represents one of the
first applications of instance segmentation networks to the auto-
mated detection of cluster-scale gravitational arcs in real survey
data, paving the way for future large-scale lensing searches in
Euclid and other wide-field surveys.

The effectiveness of the network in detecting and classi-
fying GCSLs within Euclid images is evaluated through sev-
eral standard DL performance metrics. We also assess the capa-
bility of the NN to recover bright gravitational arcs in real
Euclid Q1 observations, comparing the results of the inference
with those obtained by human experts in a visual inspection
(Euclid Collaboration: Bergamini et al. 2026). Our analysis on
the test set revealed that the Mask R-CNN framework performs
well in arc detection, achieving a good level of precision-recall
trade-off. Notably, the architecture’s ability to simultaneously
localise, classify, and segment arcs streamlined the detection
process and facilitated accurate identification in crowded fields
such as those of galaxy clusters. The successful application of
this framework to real Euclid Q1 images has validated its practi-
cal utility, with the majority of large arcs identified aligning with
expert classifications.

The Mask R-CNN framework was selected for this study due
to its strong performance in instance segmentation and its abil-
ity to simultaneously classify, localise, and segment gravitational
arcs. It is not necessarily the definitive or optimal solution, and
there are several alternative architectures that could be explored
in future work to further improve arc detection and segmenta-
tion, including U-Nets (Ronneberger et al. 2015) and YOLOs
(Redmon et al. 2016); such networks, however, generally per-
form poorer on typical computer vision benchmarks (He et al.
2017).

Deploying the NN blindly across all Euclid tiles would
inevitably lead to a significant number of false positives, which,
while expected, would require extensive post-processing. The
best strategy would be then to apply the network primarily to
a selected subset of the richest galaxy clusters rather than across

the entire survey tiles. This approach aims to balance minimis-
ing false positives with ensuring that genuine SL events are
not missed. Moreover, while the DL models provide a fairly
high level of accuracy in arc detection, a human validation
step remains crucial to minimise false positives and ensure high
purity in the final candidate sample. This step can be performed
by expert astronomers visually inspecting the top-ranked candi-
dates. A key advantage of our approach lies in its ability to sig-
nificantly reduce the visual inspection effort required in large-
scale surveys. In the Euclid Collaboration: Bergamini et al.
(2026) analysis of Euclid Q1 data, around 40 experts visually
examined approximately 1300 candidate clusters, selected with
a cut on richness from the Wen & Han (2024) catalogue. This
process, while effective, is not scalable to future releases; indeed,
Euclid Collaboration: Bergamini et al. (2026) estimate that, with
the same number of human experts, it would take more than
15 years to visually inspect the entire EWS area.

This study further illustrates the potential of DL techniques
in astrophysics, enabling the efficient and automated analysis of
gravitational lensing phenomena in large-scale surveys. As cur-
rent and next-generation surveys will produce unprecedentedly
large datasets, advanced computer vision methodologies such as
this will be crucial in unlocking the full potential of these obser-
vations.
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Appendix A: Predictions on Euclid Q1 clusters

In this Appendix, we show the inference results of the trained Mask R-CNN on the 20Plens > 0.90 galaxy clusters from
Euclid Collaboration: Bergamini et al. (2026). The NN has been applied on a 2′ × 2′ MER cutout on the nominal centre of the
cluster, according to the catalogue. The red masks enclose the real arcs identified by expert astronomers; the dashed rectangles
instead show the predicted ‘gravitational arcs’ by the NN, using the object score threshold pthr = 0.996 employed for the test set (cf.
Fig. 4). We note the presence of false positives, often associated with bright elongated galaxies, edge-on discs, or image artefacts
that mimic arc-like morphologies, highlighting the need for further refinement of the training data or post-processing steps.

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J035849.8 500918
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J040205.1 480808
Real arcs
Predictions

A156, page 17 of 20



Euclid Collaboration: Bazzanini, L., et al.: A&A, 711, A156 (2026)

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

RMJ035713.8 475646.8
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

RMJ035250.8 492809.2
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J041111.0 481940
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J033459.3 263432
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J033326.3 295130
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J035312.7 502520
Real arcs
Predictions

A156, page 18 of 20



Euclid Collaboration: Bazzanini, L., et al.: A&A, 711, A156 (2026)

40 20 0 20 40 60
Distance from the cluster centre [arcsec]

40

20

0

20

40

60

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J032818.9 291447
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J174330.4+634142
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J181607.9+681651
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J040359.6 460654
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J181749.7+651031
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J034919.5 485733
Real arcs
Predictions

A156, page 19 of 20



Euclid Collaboration: Bazzanini, L., et al.: A&A, 711, A156 (2026)

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J033045.3 292954
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J041810.0 491831
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J041412.0 461230
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40
Di

st
an

ce
 fr

om
 th

e 
clu

st
er

 c
en

tre
 [a

rc
se

c]

J033103.6 264803
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J041128.4 454223
Real arcs
Predictions

60 40 20 0 20 40
Distance from the cluster centre [arcsec]

60

40

20

0

20

40

Di
st

an
ce

 fr
om

 th
e 

clu
st

er
 c

en
tre

 [a
rc

se
c]

J032331.2 273855
Real arcs
Predictions

Fig. A.1. VIS cutouts with size 2′ × 2′ of the 20Plens > 0.90 galaxy clusters from Euclid Collaboration: Bergamini et al. (2026). The red masks
enclose the real arcs identified by expert astronomers; the dashed rectangles show the predictions of the NN.
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