
Astronomy & Astrophysics manuscript no. Main ©ESO 2025
September 24, 2025

Euclid: A machine-learning search for dual and lensed AGN at
sub-arcsec separations⋆

L. Ulivi⋆⋆1, 2, 3, F. Mannucci3, M. Scialpi2, 1, 3, C. Marconcini2, 3, G. Cresci3, A. Marconi2, 3, A. Feltre3, M. Ginolfi2, 3, F. Ricci4, 5,
D. Sluse6, F. Belfiore3, 7, E. Bertola3, C. Bracci2, 3, E. Cataldi3, 2, M. Ceci2, 3, Q. D’Amato3, I. Lamperti2, 3, R. B. Metcalf8, 9,

B. Moreschini2, 3, M. Perna10, G. Tozzi11, G. Venturi12, 3, M. V. Zanchettin3, Y. Fu13, 14, M. Huertas-Company15, 16, 17, 18,
N. E. P. Lines19, M. Mezcua20, 21, M. Pöntinen22, K. Rojas23, V. Scottez24, 25, M. Siudek16, 20, H. Teimoorinia26, I. T. Andika27, 28,

J. A. Acevedo Barroso29, B. Clément29, 30, F. Courbin31, 32, 33, R. Gavazzi34, 35, L. R. Ecker36, 11, B. C. Nagam37, 14,
R. Pearce-Casey38, S. Schuldt39, 40, S. H. Vincken41, D. Stern42, A. Chakraborty3, S. Andreon43, N. Auricchio9,

C. Baccigalupi44, 45, 46, 47, M. Baldi48, 9, 49, A. Balestra50, S. Bardelli9, A. Biviano45, 44, E. Branchini51, 52, 43, M. Brescia53, 54,
S. Camera55, 56, 57, G. Cañas-Herrera58, 13, V. Capobianco57, C. Carbone40, J. Carretero59, 60, M. Castellano5, G. Castignani9,

S. Cavuoti54, 61, A. Cimatti62, C. Colodro-Conde15, G. Congedo63, C. J. Conselice64, L. Conversi65, 66, Y. Copin67,
H. M. Courtois68, M. Cropper69, A. Da Silva70, 71, H. Degaudenzi72, G. De Lucia45, A. M. Di Giorgio73, C. Dolding69,

H. Dole74, F. Dubath72, C. A. J. Duncan63, X. Dupac66, S. Dusini75, S. Escoffier76, M. Fabricius11, 36, M. Farina73, R. Farinelli9,
F. Faustini5, 77, S. Ferriol67, F. Finelli9, 78, M. Frailis45, E. Franceschi9, M. Fumana40, S. Galeotta45, K. George79, B. Gillis63,

C. Giocoli9, 49, J. Gracia-Carpio11, A. Grazian50, F. Grupp11, 36, S. V. H. Haugan80, W. Holmes42, I. M. Hook81, F. Hormuth82,
A. Hornstrup83, 84, K. Jahnke85, M. Jhabvala86, B. Joachimi87, E. Keihänen88, S. Kermiche76, A. Kiessling42, B. Kubik67,

M. Kümmel36, M. Kunz89, H. Kurki-Suonio22, 90, A. M. C. Le Brun91, S. Ligori57, P. B. Lilje80, V. Lindholm22, 90, I. Lloro92,
G. Mainetti93, D. Maino39, 40, 94, E. Maiorano9, O. Mansutti45, O. Marggraf95, M. Martinelli5, 96, N. Martinet34, F. Marulli8, 9, 49,

R. J. Massey97, E. Medinaceli9, S. Mei98, 99, M. Melchior41, Y. Mellier24, 35, M. Meneghetti9, 49, E. Merlin5, G. Meylan29,
A. Mora100, M. Moresco8, 9, L. Moscardini8, 9, 49, R. Nakajima95, C. Neissner101, 60, R. C. Nichol102, S.-M. Niemi58, C. Padilla101,

S. Paltani72, F. Pasian45, K. Pedersen103, W. J. Percival104, 105, 106, V. Pettorino58, S. Pires107, G. Polenta77, M. Poncet108,
L. A. Popa109, L. Pozzetti9, F. Raison11, A. Renzi110, 75, J. Rhodes42, G. Riccio54, E. Romelli45, M. Roncarelli9, R. Saglia36, 11,
Z. Sakr111, 112, 113, D. Sapone114, B. Sartoris36, 45, M. Schirmer85, P. Schneider95, T. Schrabback115, A. Secroun76, G. Seidel85,

S. Serrano21, 116, 20, P. Simon95, C. Sirignano110, 75, G. Sirri49, L. Stanco75, J. Steinwagner11, P. Tallada-Crespí59, 60,
D. Tavagnacco45, A. N. Taylor63, I. Tereno70, 117, N. Tessore87, 69, S. Toft118, 119, R. Toledo-Moreo120, F. Torradeflot60, 59,

I. Tutusaus112, E. A. Valentijn14, L. Valenziano9, 78, J. Valiviita22, 90, T. Vassallo45, 79, G. Verdoes Kleijn14,
A. Veropalumbo43, 52, 51, Y. Wang121, J. Weller36, 11, G. Zamorani9, F. M. Zerbi43, E. Zucca9, and A. A. Nucita122, 123, 124

(Affiliations can be found after the references)

Received July 16, 2025; accepted —-

ABSTRACT

Cosmological models of hierarchical structure formation predict the existence of a widespread population of dual accreting supermassive black
holes (SMBHs) on kiloparsec-scale separations, corresponding to projected distances < 0 .′′8 at redshifts higher than 0.5. However, close compan-
ions to known active galactic nuclei (AGN) or quasars (QSOs) can also be multiple images of the object itself, strongly lensed by a foreground
galaxy, as well as foreground stars in a chance superposition. Thanks to its large sky coverage, sensitivity, and high spatial resolution, Euclid
offers a unique opportunity to obtain a large, homogeneous sample of dual/lensed AGN candidates with sub-arcsec projected separations. Here
we present a machine learning approach, in particular a Convolutional Neural Network (CNN), to identify close companions to known QSOs
down to separations of ∼ 0 .′′15, comparable to the Euclid VIS point spread function (PSF). We investigated the performance of the CNN trained
on a large sample of simulated single and dual AGN. We studied the effectiveness of the CNN in identifying dual AGN and demonstrated that it
outperforms traditional techniques such as IRAFStarFinder. Applying our CNN to a sample of ∼ 6000 QSOs from the Q1 Euclid data release
(covering 63.1 deg2), we find a fraction of about 0.25% dual AGN candidates with separation ∼ 0 .′′4 (corresponding to ∼ 3 kpc at z=1). Estimating
the foreground contamination from stellar objects, we find that most of the pair candidates with separation higher than 0 .′′5 are likely contaminants,
while below this limit, contamination is expected to be less than 20%. For objects at higher separation (> 0 .′′5, i.e. 4 kpc at z=1), we performed
PSF subtraction and used colour-colour diagrams to constrain their nature. We present a first set of dual/lensed AGN candidates detected in the Q1
Euclid data, providing a starting point for the analysis of future data releases.

Key words. quasars:general; Methods: data analysis – surveys

⋆ This paper is published on behalf of the Euclid Consortium.
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1. Introduction

The formation and growth of supermassive black holes
(SMBHs) are closely linked to the evolution of their host galax-
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ies. In particular, galaxy mergers are thought to play a central
role in driving gas inflows toward the central regions, potentially
triggering both star formation and active galactic nuclei (AGN)
activity (e.g. Hernquist 1989; Hopkins et al. 2008; Blecha 2017).
When two galaxies merge, the SMBHs in their nuclei become
part of the same post-merger galaxy, and eventually merge to-
gether, typically on timescales of the order of Gyr (e.g. Khan
et al. 2012). In the final stages of a merger, both SMBHs may be
simultaneously active, forming a dual AGN system (i.e. two ac-
creting SMBHs within a single merged galaxy). These systems
provide a unique laboratory for studying SMBH growth, AGN
triggering, and the interplay between galaxy evolution processes
and nuclear activity.

Simulations predict that dual AGN can form in both ma-
jor and minor galaxy mergers (e.g., Capelo et al. 2015, 2017;
Chen et al. 2023), with longer observable dual-AGN lifetimes
expected in major mergers. Conversely, the highest SMBH
mass ratios are predicted to arise in minor mergers, which
may dominate the observed population at lower luminosities
(< 1044 erg s−1), especially in the regime accessible to facilities
such as Euclid.

While theoretical models predict that dual AGN should be
relatively common, especially at separations below several kpc
(e.g. Rosas-Guevara et al. 2019; Volonteri et al. 2022; Chen et al.
2023), observational studies have found mixed results, with re-
ported dual AGN fractions ranging from a few percent to about
25% depending on selection method and sample properties (e.g.
Koss et al. 2012; Perna et al. 2025). However, these estimates
are possibly affected by several biases, including reliance on
visual classification which can miss obscured or compact sys-
tems, as well as luminosity cuts, maximum separation, and the
selection of the sample considered. Quantifying the frequency
and properties of dual AGN as a function of separation, redshift,
and host galaxy properties (e.g. extinction, star formation, black
hole mass) is essential for constraining models of SMBH forma-
tion and co-evolution with galaxies. In particular, galactic scales
ranging from tens of kiloparsecs to tens of parsecs represent a
key regime, corresponding to the late stages of mergers when
SMBHs are on the path to forming bound binaries.

On the observational side, there is still a lack of robust sta-
tistical samples of kpc-scale dual AGN systems at z > 1. Iden-
tifying such systems poses significant challenges, primarily due
to the stringent requirements on spatial resolution and reliable
AGN diagnostics. Detecting dual AGN at kpc separations re-
quires sub-arcsec resolution, while their intrinsic rarity demands
wide-area searches. To date, ground-based wide-field imaging
and spectroscopic surveys have proven to be largely inefficient
in uncovering sub-arcsec dual and lensed at high redshift.

Recently, the all-sky Gaia mission has enabled the identifi-
cation of candidate dual and lensed AGN at sub-arcsec separa-
tions, extending to z > 1 (e.g. Lemon et al. 2017; Chen et al.
2022; Mannucci et al. 2022, 2023; Ciurlo et al. 2023; Glikman
et al. 2023; Scialpi et al. 2024). However, this approach is lim-
ited to optically bright quasars (QSOs) due to Gaia’s magnitude
limit of G ∼ 21, which corresponds to Lbol ≳ 1046 erg s−1 at
z ≳ 0.5. As a result, current Gaia-selected samples probe only
the most luminous AGN population, significantly biasing against
more typical, moderate-luminosity AGN and limiting the com-
pleteness of such surveys.

Over the last ten years, astrophysics has undergone a sig-
nificant shift in its approach, transitioning swiftly from dealing
with relatively small datasets to operating with big data. Sur-
vey telescopes such as the ESA satellite Euclid (Euclid Col-
laboration: Mellier et al. 2025) generate vast amounts of data

that require automated tools leveraging advancements in high-
performance computing, machine learning, data science, visual-
ization and foundation models (e.g. Euclid Collaboration: Rojas
et al. 2025; Acevedo Barroso et al. 2025; Euclid Collaboration:
Walmsley et al. 2025; Euclid Collaboration: Lines et al. 2025;
Pearce-Casey et al. 2025; Nagam et al. 2025; Euclid Collabora-
tion: Siudek et al. 2025). Machine learning (ML) and, in partic-
ular, deep learning (DL) offer powerful data-driven approaches
for an efficient analysis of large and complex datasets.

In this work, we explore the application of ML techniques
to the identification of dual AGN systems in imaging data, with
a particular focus on the first Euclid quick release, Q1 (Euclid
Quick Release Q1 2025). As dual AGN are rare and often dif-
ficult to identify, especially at high redshift and small angular
separations, advanced classification methods, such as convolu-
tional neural networks (CNNs), offer a promising approach to
improve both the completeness and reliability of detections.

The present paper is structured as follows. In Sect. 2 we de-
scribe the input catalogue of AGN, the data used in this work,
which consists of the Euclid Q1 data, and the ML training set
(Sect. 2.4) as well as the architecture of the CNN. In Sect. 3
we present the results obtained from simulations, compare our
method with other standard techniques and discuss the identifi-
cation of an optimal classification threshold. In Sect. 4 we apply
our CNN to the Q1 data, we discuss foreground contamination,
we extract the photometry exploiting the four Euclid bands and
present a sample of dual AGN candidates. In Sect. 5 we compare
our results with both simulation and observational works from
the literature. Throughout this work, we assume Ωm = 0.286
and H0 = 69.9 km s−1Mpc−1 (Bennett et al. 2014).

2. Data and methods

2.1. Euclid Data

This work is based on imaging data from the Euclid mission,
which is conducting two major surveys: the Euclid Wide Survey
(EWS) and the Euclid Deep Survey (EDS). The EWS (Euclid
Collaboration: Scaramella et al. 2022) is designed to cover ap-
proximately one-third of the sky, amounting to ∼ 14 000 deg2,
while avoiding the Galactic and ecliptic planes. The Deep Sur-
vey, in contrast, focuses on three carefully selected regions –
the Euclid Deep Field (EDF) North, South, and Fornax – and
achieves significantly greater depth through repeated exposures.
In this study, we use data from the Euclid Q1 release (Euclid
Collaboration: Aussel et al. 2025), which includes ∼ 63 deg2 of
imaging of the EDFs acquired to the depth of the Wide Survey.
We use the pdMerBksMosaic data products (Euclid Collabora-
tion: Romelli et al. 2025), which include background-subtracted
mosaics and associated point spread function (PSF) catalogues
(catalogue-PSF). For this analysis, we consider all Q1 fields
which span approximately 350 tiles, each with a field of view of
0.57 deg2 , corresponding to 0.◦75 × 0.◦75. These observations
reach a ∼ 10σ magnitude limit of 24.5 in the Visible Instrument
(VIS) filter, IE (Euclid Collaboration: Cropper et al. 2025), and a
5σ magnitude limit of 24.5 in each of the filters of the Near In-
frared Spectrometer and Photometer (NISP), namely YE, JE, and
HE (Euclid Collaboration: Jahnke et al. 2025). The Q1 data give
us a first glimpse into the possibilities of efficiently searching for
dual AGN at sub-arcsec separations over the full Euclid survey
of ∼ 14 000 deg2.
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Table 1. List of QSO catalogues used to compile the search list.

Catalogue Properties Number Ref
Milliquas v8.0 Spectroscopy from literature 729 519 Flesch (2023)
Quaia G20.5 Gaia and WISE colours 878 145 Storey-Fisher et al. (2024)
eRosita X-ray flux 177 971 Merloni et al. (2024)
WISE WISE colours 2 275 316 Assef et al. (2018)
Gaia/unWISE Gaia and WISE colours 1 228 393 Shu et al. (2019)
TOT (excluding duplications) 3 295 296

Fig. 1. Number of Q1 AGN sample in ∆IE = 0.5 magnitude bins as a
function of the selection method: WISE (green dashed line), e-ROSITA
(red), QUAIA (blue), and UNWISE (purple).

2.2. Input QSO catalogue

The dual/lensed search strategy consists of looking for close
companions near previously classified QSOs. We created the
input QSO list by merging several external catalogues of both
spectroscopically confirmed QSOs and robust photometric QSO
candidates selected in various ways. Our aim is to privilege com-
pleteness over purity, while discarding the most unreliable can-
didates. More accurate assessments of the nature of candidate
double systems could be later performed on an individual basis,
e.g. with AO-assisted spectroscopy. For each catalogue we only
selected the QSOs falling within the EWS footprint, i.e. exclud-
ing objects within 23◦ from the Galactic plane and 10◦ from the
ecliptic plane. We also excluded QSOs close to the largest galax-
ies in the Local Group, e.g., Large Magellanic Cloud (LMC),
Small Magellanic Cloud (SMC), M31, and M33. Table 1 reports
the catalogues used and the number of objects obtained from
each of them. In particular:

– Milliquas v8.0 (Flesch 2023): a compilation of all the known
QSOs with a reliable redshift. Most of its entries are from the
Sloan Digital Sky Survey (SDSS) QSO catalogue DR16Q
(Lyke et al. 2020), the DESI EDR QSO catalogue (Chaussi-
don et al. 2023), the LAMOST survey (Jin et al. 2023), and
the 2DF QSO survey (Croom et al. 2004).

– WISE: Assef et al. (2018) presented a catalogue of about
4.5 million QSO candidates based on WISE colours. To de-
crease the number of false positives, following Stern et al.
(2012), we further select the objects with WISE colour
W1 −W2 > 0.8 and having W1 < 18.5 and W2 < 16.0 (77%
of the original sample).

– Quaia: Storey-Fisher et al. (2024) drew an all-sky QSO cata-
logue combining Gaia candidates (Gaia Collaboration et al.

Fig. 2. Distribution of IE of the primary AGN (red), secondary AGN
(green) and the associated host galaxy (blue) in simulations compared
to the distribution of IE of the considered sample of AGN in Q1 (black)
in 0.5 magnitude bins.

2016) with unWISE infrared data (based on the WISE sur-
vey).

– eRosita: Merloni et al. (2024) present catalogues of both
point-like and extended sources using the data acquired in
the first six months of survey operations (eRASS1; com-
pleted in June 2020) over half of the sky, whose propri-
etary data rights lie with the German eROSITA Consortium.
From their full catalogue, we selected all the sources that are
clearly detected (DET_LIKE_0 > 9) and not extended (pa-
rameter EXT = 0).

We crossmatched the different catalogues using a 5′′ search ra-
dius to find duplicate sources. When a duplication is found, the
coordinates derived from the Gaia and spectroscopic catalogues
are preferred over those from eRosita and WISE. The final cata-
logue has about 3.29 million sources (see Table 1).

2.3. Euclid VIS stamps

Starting from the catalogue described in the previous section,
we performed cutouts of the VIS images of 5′′ × 5′′ and 4′× 4′
around each AGN in the catalogue, ending up with 15 000 AGN
images in the Q1 data. We used SExtractor (Bertin & Arnouts
1996) for object detection in both types of cutouts, employing
specific parameters to optimise performance. In particular, the
goal to use SExtractor in the small (5′′ × 5′′) cutouts was to
measure object properties and apply selection cuts in magnitude
and size for our final input sample. The larger 4′× 4′ cutouts
were processed with SExtractor to build a catalogue of host
galaxies, which were then used in the simulation described in the
following section. The SExtractor DETECT MINAREA was set
to 2, the DETECT THRESH was set at 1.5 times the background
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Fig. 3. Examples of ten simulations of a single AGN (first two rows) and of a dual AGN (second two rows) in IE band. The size of each cutout is
3′′ × 3′′.

RMS noise, allowing us to detect faint objects. We applied a
4−pixel Gaussian filter (indicating that the sources are smoothed
with a Gaussian kernel with σ = 4 pixel) and set the parameter
that defines the minimum contrast between the two sources to
consider them separated to 0.005. These parameter choices were
tailored to improve detection sensitivity. MAG ZERO is pro-
vided in the header of each tile (Euclid Collaboration: Romelli
et al. 2025). In this way, for each small cutout, we generated a
source catalogue and assigned to the AGN candidate from the
external catalogue the magnitude IE of the brightest detected ob-
ject within the cutout. We flagged those sources which were not
centred in a square of 0 .′′3 around the coordinates of the exter-
nal catalogue. We centred the image in the pixel with the highest
flux. For each AGN we keep track of the Gaia magnitude, the
WISE colours and, the selection method.

In Fig. 1 we report the number of sources in 0.5 magnitude
bins of IE for different selection methods. We see that most of the
QSOs in our catalogue are selected through (UN)WISE colour.

2.4. Simulations

The simulations described in this section were specifically de-
signed for training and validating a neural network to detect sin-
gle and dual AGN systems. Our strategy is based on adding syn-

thetic AGN sources, represented by PSFs, into real Euclid VIS
galaxy images to create realistic examples of both single and
dual AGN systems. We generated a dataset comprising 100 000
synthetic images, 50 000 containing a single AGN source and
50 000 containing a dual AGN system in the VIS band. Each
AGN was modelled as a point source. When downloading the Q1
tiles, we also downloaded the grid of PSFs provided by the offi-
cial pipeline (catalogue PSF). From each tile, we made cutouts
of 200 randomly chosen PSFs throughout the field. The PSFs
taken from the catalogue PSF are undersampled (19×19), so we
used drizzle (Gonzaga et al. 2012) to oversample them using the
‘turbo’ kernel to keep the flux constant. We split the 100 000
simulations (50 000 single sources, 50 000 double sources) into
60% assigned to the training set and of the remaining 40%, 20%
to the validation set and 80% to the test set.

The magnitude of each primary AGN was drawn from a
Gaussian distribution centred at IE = 21 with a standard devia-
tion of σ = 1.2, chosen to closely match the observed magnitude
distribution of the AGN from the external catalogue, as shown
in Fig. 2. A priori, the relative contributions of the AGN and its
host galaxy to the total observed luminosity are unknown. Pre-
vious studies have shown that this contribution can vary signif-
icantly with luminosity and redshift. For instance, Rakshit et al.
(2020), analysing a sample of approximately 500 000 QSOs at
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z < 0.8, found that the host galaxy contribution decreases with
increasing total luminosity. At bolometric luminosities around
1045 erg s−1, the host galaxy can contribute up to 80% of the to-
tal emission. Extending to higher redshifts (z ∼ 1.5), Schramm &
Silverman (2013) demonstrated that, particularly for AGN with
lower luminosities, the host galaxy contamination can be even
more significant, even exceeding the 90% of the total. Given this
uncertainty, we developed simulations covering a broad param-
eter space to robustly explore the possible contributions of the
AGN and its host galaxy. However, the main purpose of includ-
ing host galaxies was to enhance the training of the neural net-
work by introducing more realistic and challenging cases while
preserving the underlying physics.

We associated to each point source a host galaxy with a
flux between 0 and 10 times that of the point source and
with CLASS_STAR < 0.5, where CLASS_STAR, taken from
SExtractor, is defined as the probability to be a point source
(1) or an extended object (0). In the case of host galaxies dim-
mer that IE =27.5, we just added random noise to the image as
they would be below the detection limit of Euclid. To select the
random noise, we computed for each tile the median and the me-
dian absolute deviation (MAD) and we made random cutouts of
the FOV of the tile, accepting the cutout if the mean is less than
the median and the σ < 2 MAD. We designed 50 000 simula-
tions with single objects and we ended up with 2% of simulated
AGN painted without the host galaxy. Additionally, we added
to each stamp a secondary source with a separation drawn from
a uniform distribution between 0 .′′1 and 0 .′′8 from the primary
AGN and whose magnitude was imposed to vary uniformly in
magnitude between that of the primary and 25 mag, the limiting
AB magnitudes (10σ for point-like sources) achieved in each
footprint.

We explored several sets of simulations, each differing in
some aspects to better capture the important features. The main
differences between the simulation sets include: the distribution
of magnitudes of the primary and secondary objects; the rela-
tionship between the AGN and host galaxy magnitudes; the dis-
tribution of projected separation between sources; the PSF used
to model the AGN; and the level and standard deviation of the
noise. These parameters are critical for the neural network be-
cause it has to be trained on data as close as possible to the Euclid
dataset, while learning to recognize features. The main problem
of using a neural network to identify dual AGN is inherent to
their rareness, which poses a serious challenge to the training of
the network. For this purpose, it is necessary to simulate many
of such sources, which makes the distribution of simulated ob-
jects different from that of the Euclid data. This in itself is true
for dual AGN, but it is also true for the simulated magnitude
distributions of the two sources; in fact, the probability of hav-
ing more faint primary and secondary objects will be larger than
the probability of having bright objects, but this leads to imbal-
ances in the simulations from which the network can learn bi-
ased features. However, in this work we focus on the simulation
setup described above, which provided the best performance in
training and validating our model with the Q1 data (see also Ap-
pendix A). Some examples of simulated single and double AGN
are shown in Fig. 3.

2.5. Convolutional neural network classifier

The images were labelled with 2 if they contained dual sources
with separations greater than 0 .′′25, 1 if they contained dual
sources with separation less than 0 .′′25 or 0 if single sources. The
5′′ × 5′′ stamps are centred in the brightest pixels and cut into a

30 × 30 pixels (3′′ × 3′′), which is first processed by a 2D con-
volution layer with a 4 × 4 filter size, then subsampled by a 2 × 2
max pooling layer. Two more identical units follow, with a grow-
ing dimensionality of the output space in the convolution, for a
total of 2 convolutional layers and 2 max pooling layers. Each
of these convolutional layers is followed by a ReLU activation
layer. The output of these units is then processed through three
single fully-connected layers. For the classification problem we
used the cross-entropy cost function and found the weights using
the ADAM (Kingma & Ba 2014) optimisation method. Note that
in PyTorch (Paszke et al. 2019), no explicit softmax activation
function is needed in the final layer, as it is handled internally
by the cost function. The use of the ADAM optimizer improved
the learning rate compared to tests with stochastic gradient de-
scent (SGD). To prevent overfitting and enhance generalisation,
we added dropout layers which randomly drop out a fraction
(30%) of neurons during the training phase. We implemented
our network as a multitask model, enabling it to predict, in ad-
dition to the nature of the system, the position of the secondary,
the magnitude difference between the secondary and the primary,
and the magnitude difference between the host and the primary.
Multitask neural networks are powerful tools because they allow
a model to learn several related tasks simultaneously, improving
the performance while reducing the risk of overfitting, especially
when the tasks are correlated. This approach often leads to more
robust models and can capture structures in the data more effec-
tively than training separate models for each task (Ruder 2017;
Crawshaw 2020; Ginolfi et al. 2025).

We built another block in our CNN that predicts the coor-
dinates x and y of the secondary AGN. To increase the effec-
tiveness of the network, we made it so that the position of the
secondary can vary between −1 and 1, thus normalising to the
maximum distance that the secondary can reach in our simula-
tions. The activation function used for this task is a tanh function
(so that it varies between −1 and 1). We assigned to the single
sources the position of the secondary source at the value x = 0,
y = 0. This can also give us an indication for detecting false pos-
itives, that is, single objects classified as dual; in fact when the
network detects dual but predicts secondaries with coordinates
very close to (0,0), we can discard this prediction.

We also added two branches to the neural network to predict
the magnitude difference between the primary and secondary
sources (∆IE,21) and, though more difficult, the difference in
magnitude between the primary and its host galaxy (∆IE,H1). For
the single objects, we imposed as the true label of ∆IE,21 the
maximum among those simulated in the double objects, so as to
normalise all the sample between 0 and 1 and without restrict-
ing in a smaller parameter space the double objects. We did the
same for the difference between the magnitude of the primary
and that of the host galaxy. We used the mean squared error
as the loss function for the regression tasks. For the multi-task
learning framework, we computed the total loss as the sum of
all individual task losses, with the classification loss contribut-
ing more strongly to the optimization process due to its relative
scale compared to the other tasks. The final architecture of our
model is illustrated in Fig. 4.

3. Simulation results

In this section, we present the results of our neural network ap-
plied to the simulated datasets. In particular, we study how the
completeness and accuracy vary as a function of both the physi-
cal parameters of the systems and the quantities predicted by the
network. We also compare the performance of our approach with
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Fig. 4. Architecture of the convolutional neural network used for classification and feature extraction. The model consists of two convolutional
layers (Conv1: 4×4×8, Conv2: 2×2×16) with ReLU activation, followed by max pooling and dropout layers. Fully connected layers (2304−80−20)
process the features for output into multiple targets: the position of the secondary source, the difference in magnitude between primary and
secondary sources, and the difference in magnitude between the host and primary source. Each output branch uses a different final activation
function and loss: ReLU and cross-entropy loss function for the classification task, hyperbolic tangent for the position, and sigmoid for the
magnitude differences. The loss functions are the mean squared error when applied to regression task.

standard methods, and select the most suitable network architec-
ture for the application to the real data.

3.1. ROC curve and comparison with standard method

We evaluated the performance of the CNN by analysing its re-
ceiver operating characteristic (ROC; Bradley (1997)) curve.
This curve is constructed by varying the threshold probability
used to classify galaxies as dual or single, considering the num-
ber of True Positives (TPs), True Negatives (TNs), False Posi-
tives (FPs), and False Negatives (FNs). The TP rate, also called
completeness, which measures the fraction of true mergers cor-
rectly identified, and the FP rate, which indicates the fraction of
single AGN incorrectly classified as dual, are computed as fol-
lows:

TPR =
TP

TP + FN
, (1)

FPR =
FP

FP + TN
. (2)

Figure 5 shows the ROC curves for the test set. We used a
one-vs-rest (OvR) approach, defining classes 1 and 2 as the pos-
itive class and class 0 (single sources) as the negative class. The
probability of the positive class was then computed as the sum of
the predicted probabilities for classes 1 and 2. The perfect classi-
fier reaches the top left corner, with the maximum TP rate and a
FP rate of 0. Hence, we can use the area under the curve (AUC)
as a metric of performance. The AUC curve in our CNN reaches

Fig. 5. ROC curve comparing the performance of the two detec-
tion methods in log scale. The red curve represents the ROC of the
CNN, while the blue points correspond to the ROC obtained using the
IRAFStarFinder algorithm with varying detection thresholds (5, 10,
15, 20, 30 σ). The green star marks the threshold closest to an ideal
classifier, while the black star indicates the threshold that minimises the
difference between the FPs and TPs assuming a real case scenario (see
Sect. 3.4).

0.98. We want to compare the performance of our CNN with the
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Fig. 6. Confusion matrix. 0: single AGN, 1: dual AGN with separation
less than 0 .′′25, 2: dual AGN with separation greater than 0 .′′25.

performance of standard methods such as SExtractor1 or the
IRAFStarFinder module of photutils (Bradley et al. 2021).
The deblending method adopted in SExtractor is based on multi-
thresholding and works on any kind of object but it is unable to
deblend components that are so close that no saddle is present
in their profile. A better optimiser for point source detection is
IRAFStarFinder that searches images for local density max-
ima that have a peak amplitude greater than a threshold above
the local background and have a PSF FWHM similar to the input
FWHM. Therefore, we measured the ROC curve of the standard
method with IRAFStarFinder increasing 5, 10, 15, 20, 30 σ,
and with a minimum detection separation from the limit imposed
by the algorithm (2×FWHM). Obviously, these values are sim-
ply for the purpose of having a direct comparison between the
two curves. We first calculated the true positives by applying
the algorithm to all simulations with dual objects and then the
false negatives by applying the algorithm to the single objects.
For the calculation of TP, we considered the correct detection if
the algorithm finds at least one source within 0 .′′8 of the primary
source. Detection of sources at larger distances this means that
the network has detected other source present in the field (fore-
ground objects). We note that this represents an upper limit to
TPs since we consider a correct detection even if the algorithm
detects possible contamination within 0 .′′8 (clumps, structure in
the galaxy). For the calculation of FNs, we applied the algorithm
to single sources considering an incorrect prediction if it finds
more than one source within 0 .′′8. The ROC curves of the neural
network and IRAFStarFinder predictions are shown in Fig. 5
as red line and with blue dots for increasing sigma, respectively.
The ROC curve of the CNN lies above that of IRAFStarFinder,
indicating that the CNN achieves higher completeness and pre-
cision across all detection thresholds. Classical methods do not
reach the same level of completeness as the CNN without sub-
stantially increasing the number of false positives.

1 https://sextractor.readthedocs.io/en/latest/
Introduction.html

3.2. Confusion matrix

Figure 6 shows the confusion matrix, where the y-axis represents
the true labels and the x-axis represents the predicted labels. The
labels are defined as follows: 0 corresponds to a single AGN, 1
to a dual AGN with separation < 0 .′′25, and 2 to a dual AGN
with separation larger than 0 .′′25. If we consider dual candidates
labelled as 1 or 2, we find 337 false positives, corresponding
to approximately 2%, and a completeness of about 78%. This
leads to a F1 score, defined as the harmonic mean of the pre-
cision and completeness (recall) scores, of 0.86. If, instead, we
restrict the analysis to candidates labelled as 2 (dual AGN), the
precision increases to 98.6%, with a completeness of 68% and
a F1 score of 0.80. However, these global metrics are not nec-
essarily meaningful in a real case scenario since the true distri-
butions of source separations and magnitudes are unknown. In
particular, in the limiting case where all dual AGN lie at sep-
arations ∼ 0 .′′25, where some models predict the peak of their
number density (Saeedzadeh et al. 2024), the completeness met-
ric would lose significance, since many of them would not be
detected. What is more important is to understand how precision
and completeness vary across the physical parameter space.

3.3. Predictions of the model

As shown in Fig. 4, the network has four different end lay-
ers that predict the nature of the AGN, but also the exact lo-
cation of the secondary source, ∆IE,21, ∆IE,H1. Figure 7 shows
the network predictions, where the x- and y-axis are respec-
tively the true value, and the difference between the network
prediction and the true value. Panel a) presents the predic-
tions of the separation between the two objects computed as

d =
√

(x0 − xpred)2 + (y0 − ypred)2 where x0 and y0 are the cen-
tral pixel of the primary source, while xpred and ypred are the co-
ordinates of the secondary source predicted by the CNN. The
plot only includes sources that are predicted to be dual sources.
When the network is not able to detect a secondary component,
it also cannot accurately assign a distance, increasing the scatter
in the plot. We see that the prediction is correct within ±0 .′′1.
Panels b) and c) show ∆IE between the secondary and primary
source (∆IE,21) and ∆IE between the host and primary (∆IE,H1).
The prediction of ∆IE,21 shows the scatter from the true value of
∼ ±0.5 mag that increases when separations are small. This is
mainly due to the fact that, at close separations, the network can
no longer perform precise photometry.

3.4. Threshold to filter

In order to choose the best thresholds for filtering, it is also nec-
essary to consider the number of dual AGN that we expect. Ac-
cording to simulations the number of dual AGN can vary be-
tween 0.1 and 10% of all AGN (Steinborn et al. 2016; Rosas-
Guevara et al. 2019; Volonteri et al. 2022; Puerto-Sánchez et al.
2025), so being a class of rare objects, it is necessary to choose
a metric such that the FPR are minimised compared to TPR. To
do this, the output of the neural network can be used to filter out
objects that most likely represent contaminants. We try to un-
derstand how completeness and precision vary as a function of
network output by changing the thresholds of the output. In par-
ticular, we vary the threshold of each parameter for the predic-
tion of all dual systems in bins of magnitude of the primary, sec-
ondary, and separation. This allows us to estimate the expected
completeness in real observations for each region of parameter
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Fig. 7. Prediction of the CNN of objects classified as dual AGN. Scatter plots comparing true values (x-axis) with the difference of the predicted
values and the true values (y-axis) for different parameters derived from the CNN. (a) Predicted separation (in arcsec) between the two sources.
The colour bar represents the ∆IE,21 for the data points. (b) Prediction of the ∆IE between the secondary and primary sources (∆IE,21). The colour
bar represents the separation in arcsec of the two sources. (c) Prediction of the magnitude difference (∆IE) between the host and primary source
∆IE,H1. Red dashed lines indicate perfect predictions and ±0.1 in arcsec error margins (±1 in px) and ±0.5 in mag.

Fig. 8. CNN prediction of separation and the magnitude difference be-
tween the primary and secondary sources (∆IE,21) for FP objects. The
top and right histograms show the distribution of ∆IE,21 and of the sepa-
ration of FPs, respectively. The red shaded regions indicate the excluded
objects, defined by a separation smaller than 15′′ and ∆IE,21 higher than
4.

space. We perform the same analysis for systems labelled as sin-
gle, in bins of magnitude of the primary and of the host, to esti-
mate the number of false positives. For each trained network and
for each value of the decision threshold applied to the network
output, we calculate the TPR and FPR with Eqs. (1) and (2).

To determine the optimal classification threshold, we
adopted a modified selection metric defined as

(
TPR fdual − FPR fsingle

)
NQSO, (3)

Fig. 9. FP rate in bins of magnitude of the host galaxy, IE,HOST, and of
magnitude of the primary AGN, IE,1.

where fdual and fsingle = 1− fdual represent the assumed fractions
of dual and single AGN, respectively, and NQSO is the total num-
ber of QSOs in the input sample. This metric approximates the
expected number of true positives minus false positives, and was
evaluated in the separation range of 0 .′′2 to 0 .′′6, where the num-
ber of dual AGN is expected to be higher. Assuming a dual AGN
fraction of 1% and NQSO = 6000, the resulting optimal thresh-
olds is 0.9 and typically yield an expected net number of true
detections (TP − FP) between 10 and 20. However, this estimate
relies on several assumptions, in particular that the separation
and magnitude distributions of dual AGN in the real data mir-
ror those used in our simulations, an approximation that may not
reflect reality.
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Fig. 10. Completeness in bins of IE,1 and IE,2 for different separation ranges. The black dashed lines represent flux ratios of 1, 10, and 100 between
the primary and secondary sources.

3.4.1. Investigation of false positives

We investigated the behaviour of the CNN in relation to false
positives, that are sources labelled as single but predicted to be
class 1 or 2 by the network. Figure 8 shows the CNN predictions
for ∆IE,21 and separation for the 337 false positives identified
out of a total of 15 969 sources. Some of these FPs represent
foreground contamination that may be present because we used
stamps of real galaxies in which there is a non-zero probabil-
ity that a foreground source is present. Another kind of FPs are
galaxies with disturbed morphology, that may be misclassified.
To better isolate probable FPs, we applied a posteriori physical
threshold, selecting only those with ∆IE,21 < 4 and separation
< 0 .′′15. This additional cut allows us to eliminate more than half
of the FPs though at the cost of also removing some TP. This
choice is justified by physical considerations and helps to im-
prove the overall robustness of the classification.

We studied the classification accuracy as a function of only
the parameters available for single AGN: the magnitude of the
primary source and that of the host galaxy. As shown in Fig. 9,
the overall precision decreases when the host galaxy is partic-
ularly bright although it remains high (i.e., produces a low FP
rate) with the chosen threshold.

3.5. Detection accuracy

We investigate how the completeness varies as a function of
physical parameters, specifically the magnitudes of the primary
and secondary components and their separation, using the se-
lected thresholds. We apply the CNN with a classification thresh-
old of 0.9, a minimum separation of 0′′.15, and ∆IE,21 < 4 as
described in Sect. 3.4.1.

Figure 10 shows the resulting completeness across this pa-
rameter space. At separations between 0′′.2 and 0′′.3, the CNN
achieves an average completeness of approximately 60% in clas-
sifying dual sources with a contrast of up to a factor of ten.
For larger separations, dual objects with ∆IE,21 < 4 are de-
tected with very high completeness. However, at separations
greater than 0′′.5–0′′.6, standard deblending algorithms, such as
IRAFStarFinder, perform better in terms of detection accu-
racy, but as described in Sect.3.1, they do not reach the perfor-
mances of the CNN.

4. Application to Q1 data

Starting from the initial dataset of approximately 15 000 AGN
cutouts, we applied a series of selection criteria to refine the sam-
ple. We restricted the IE range of the primary source to 18–23.5
and ISOAREA < 450, where the ISOAREA is defined as the area
(in number of pixels) above the detection threshold, in order to
remove very extended sources, and removed duplicate entries.
Moreover, we excluded any QSO whose coordinates did not cor-
respond to a detected source within 0 .′′3. After applying these
cuts, we ended up with 5993 cutouts, a sample size that is suf-
ficiently to robustly test our method and to provide a realistic
estimate of the number of dual systems to be followed-up with
spectroscopic observations.

4.1. Application of the CNN

We first preprocessed the images by normalising the pixel values
between 0 and 1. Each image was then centred on the pixel with
the maximum flux, following the same procedure used during
the training of the CNN on the simulated data (see Sect. 2.5).
Finally, we applied the neural network on the preprocessed im-
ages. We found 265 candidates classified as dual systems. Using
the threshold defined in Sects. 3.4 and Sect. 3.4.1, we iden-
tified a sample of 49 objects that meet the selection criteria,
representing the ∼ 0.8% of the initial sample. In this selected
candidates, given the high precision of the neural network, we
aimed to minimise contamination from objects with bright host
galaxy structures. The main contaminants are represented by
foreground sources, such as stars, and it is therefore necessary
to estimate the expected number of such contaminants. The dis-
tribution of the separations predicted by the neural network is
shown in Fig. 11.

4.2. Foreground contamination

Quantifying contamination from foreground stars within our
candidate pair sample is inherently challenging. In this sec-
tion, we provide a statistical estimate of the expected number
of chance alignments with foreground sources along the line of
sight, compared to systems that are more likely to be physically
associated with the primary source, such as dual or lensed AGN
or clumpy structure in the galaxy.

To estimate the probability of contamination from unrelated
sources, we performed a simple statistical test by making ran-
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dom square cutouts across the analysed fields of view. Specif-
ically, we extracted 20 000 random 2′′ × 2′′ cutouts and ran
SExtractor on each of them. The size of the cutouts was cho-
sen to avoid truncating sources at separation of around 1′′. The
estimated number of contaminants depends on both the limit-
ing magnitude and the separation from the center within which
sources are classified as contaminants. For example, by restrict-
ing to IE < 25 and separations < 0 .′′8, SExtractor finds 605
contaminants. When extending the limits to IE < 26 and sepa-
rations < 1′′, the number increases to 1650 out of 20 000, cor-
responding to approximately 8% contamination. If we consider
only those with CLASS STAR > 0.5, which would represent the
true contaminants of dual or lensed AGN, SExtractor iden-
tifies 82 (0.4%: 24 out of ∼ 6000) and 175 (0.87%: 52 out of
∼ 6000) contaminants in the two respective thresholds.

We also provide estimates of the contaminants using the offi-
cial catalogue provided by the Euclid pipeline (MER catalogue).
For each MER tile catalogue, we randomly generated a set of
RA and Dec positions uniformly distributed within the bound-
aries defined by the minimum and maximum RA and Dec of the
tile. For each generated coordinate, we associated the closest ob-
ject in the catalogue. We repeated this procedure 100 000 times.
Under the previous thresholds, we find ∼ 7% contamination for
IE < 26 and separation < 1′′, and ∼ 3% for IE < 25 and separation
< 0 .′′8. When using PROB POINT LIKE (the estimation uses a
“star probability cube”) in the MER we found only 169 sources
out of 100 000 images (0.17%).

It is important to note that all of the contaminant sources
identified in our statistical test are detectable by the source ex-
traction algorithm, as this method does not depend on the pres-
ence of a primary object. However, the most important question
for our analysis is: how many of these contaminants would ac-
tually be detected by our CNN? Another noteworthy aspect is
that, while it is possible to make sharp cuts in magnitude and
separations for the contaminants when using SExtractor, the
dual candidates (in this case, foreground contaminants) found
by the CNN do not necessarily meet the criteria for magnitude
and separation. This is because the CNN was trained with nor-
malised images between 0 and 1 and with secondary sources at
separations up to 0 .′′8. Thus, it is not possible to include a cut
in magnitude of the secondary, and most likely, it is not certain
that the network only detects sources up to 0 .′′8. Moreover, the
network has been trained to detect point-like secondary objects
(secondary AGN or lensed QSO), so it is not clear a priori how
the network behaves with extended contaminants (e.g., galax-
ies). To estimate how many contaminants we expect from the
neural network, we added to the random cutouts a point source
with a IE between 18 and the IE of the contaminant (if present)
following the same distribution of our input QSO sample. We
compare the number of contaminants estimated by SExtractor
with the number of contaminants estimated by the CNN. The
network finds in total 118 contaminants out of 20 000 images,
so around 30 contaminants out of the initial sample of ∼ 6000
QSOs. We note from Fig. B.1 in Appendix B that, as expected,
the network tends to consider as contaminants mostly systems
with point source contaminants.

In the real case, the presence of a galaxy host can signifi-
cantly affect the detectability of a nearby secondary source, es-
pecially when the host is brighter than the companion. In par-
ticular, faint secondary sources are more easily detected when
no host is present. As a result, the number of contaminants esti-
mated from random cutouts tends to exceed the number of pair
sources identified around primary QSOs in the Q1. This differ-
ence is due to the presence of host galaxy structure in real sys-

Fig. 11. Comparison between the number of dual candidates found by
CNN and the expected contaminants. The number is normalized by the
total number of AGN considered after the cuts (5993). Dual AGN can-
didates found by CNN in bins of separation (in black), number of ex-
pected contaminants classified dual by the CNN once we added a pri-
mary source without (purple) and with (blue) host galaxy, andfalse pos-
itives expected from simulations (in green).

tems, which lowers the efficiency of detecting nearby compan-
ions. We then included a host galaxy in the simulated cutouts,
modelled with a Sérsic profile and a magnitude ranging between
IE,1=–1 to IE,1=+4 and convolved with the PSF. When applying
the CNN to these images, we find that the number of contam-
inants is reduced compared to the case without a host galaxy
(blue line in Fig. 11).

Another important aspect involves the number of expected
FPs from simulations. While the network has shown high preci-
sion overall, we observed that in some cases, single systems in
simulations were misclassified as dual systems. To account for
these different contaminants, we include the histogram of pre-
dicted distances for FPs in the simulations, shown in green in
Fig. 11. In other words the green line represents the FPs that we
expect from simulations. We note that the dual sources identified
in the Q1 sample by the network with separations of 0 .′′2–0 .′′4 ex-
ceed the number expected from foreground objects and false pos-
itives caused by clumpy galaxy structure. This excess is likely
indicative of a population of dual candidates (see Fig. 12). At
larger separation (> 0 .′′5), the number of contaminants is consis-
tent with the number of detected double sources. While this does
not rule out the presence of dual AGN candidates at these higher
separations, the probability of finding good candidates with sec-
ondary sources brightest than 25 mag is lower. As we address in
Sect. 4.2.1, at larger separations it is possible to exploit the four
Euclid bands to give a probability that the secondary source is
an AGN.

4.2.1. Photometry and PSF subtraction

Euclid obtains images in four bands as described in Sect. 2.1,
and the colours can in principle be used to study the nature of
the sources. For systems with multiple entries in the MER cata-
logue, we can use MER fluxes to study the photometry with dif-
ferent apertures. To ensure reliable colour measurements, we im-
plemented our own photometric pipeline, as accurate PSF sub-
traction is essential when analysing closely separated sources.
While the MER catalogue provides photometric measurements
using a range of aperture sizes, these are often affected by flux
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Fig. 12. Dual AGN candidates found by the network with separations between 0 .′′15 and 0 .′′45. The number of objects in this separation range
exceeds the number expected from foreground objects and false positives caused by clumpy galaxy structure, making these candidates more
reliable than those at larger separations. The size of each cutout is 3′′ × 3′′, and the flux is shown in logarithmic scale.

Fig. 13. Colour-colour diagram of dual AGN candidates in Fig. 14 over-
layed with simulated AGN colour coded with redshift (Temple et al.
2021) and stars (black dots). The numbers correspond to the sources
shown in Fig. 14. Each line connects the primary (purple dots) to the
secondary (blue dot) source in a dual AGN candidate. Pink lines indi-
cate photometry derived from MER catalogue using a 1 FWHM aper-
ture, while black lines correspond to photometry obtained after PSF
subtraction. The green dashed box indicates the AGN selection region
defined in Euclid Collaboration: Matamoro Zatarain et al. (2025).

contamination of close sources, which is the case for our can-
didates. To perform the photometry on the candidate sample,
we implemented a customized PSF-fitting algorithm for mea-
suring the photometry of the blended sources. We first used
FittableImageModel of photutils.psf on the VIS PSF of
the MER catalogue mosaic at the source position. Then we used
IRAFStarFinder on the VIS stamp, which has higher resolu-
tion, to search for point sources. Once we found the positions of
the two sources, we measured the fluxes in the VIS and NISP

bands by using the appropriate PSF (from MER) and fixing the
positions to within 1 pixel. We also included in the fit a Sérsic
component convolved with the PSF of the corresponding band
to model the host galaxy. The effective radius (reff) was allowed
to vary between 2 and 3 pixels, the Sérsic index (n) between 2
and 4, the ellipticity in the range 0 and 1, and the position within
a radius of 1 pixel from the center. We then summed the fluxes
of each pixel in the model and using the ZERO MAG, we com-
puted the magnitude of the two sources and of the host galaxy in
each band.

4.2.2. Colours of the companion candidates

Figure 13 shows a colour-colour diagram (JE − HE vs. IE − YE)
used to analyze the photometric properties of dual AGN candi-
dates. The coloured points represent simulated AGN generated
using the qsogen package from Temple et al. (2021), with red-
shift varying between 0.7 and 5 and extinction E(B−V) ranging
from 0 to 0.1. Black points correspond to stellar templates from
the XSL_DR3_release catalogue (Verro et al. 2022), included
to trace the stellar region in colour space. The green dashed box
indicates the AGN selection region defined in Euclid Collabora-
tion: Matamoro Zatarain et al. (2025), which is used to separate
AGN from stars. For each dual AGN candidate pair, we compute
and plot the colours of both the primary and secondary compo-
nents. We measured the colours of all source pairs for which reli-
able photometry could be performed for all bands. In general, for
dual sources with separations > 0 .′′5, we obtain good fits with er-
rors on the flux of the two sources about 20%, which corresponds
to an error on the magnitude of ∼ 0.2 mag. To assess the con-
sistency of our photometric method, we compared the colours
derived from our PSF subtraction technique with those listed in
the MER catalogue, where the two sources are recorded as dis-
tinct entries. Figure 14 presents seven source pairs in which both
components fall within the AGN colour region in at least one
of the two photometric methods (PSF subtraction or MER cata-
logue) and one source (J0420 − 4808) where the colours of both
sources are consistent with being at the same redshift (z ∼ 2.5).
Such a comparison is only feasible for pairs with angular sep-
arations larger than 0 .′′5. Only three dual systems exhibit both
components within the AGN region (red box in Fig. 14), con-
sistent with previous findings suggesting that most widely sepa-
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Fig. 14. Three-colour composite images (IE, JE, HE) of dual AGN candidates derived from MER photometry or PSF subtraction. Systems enclosed
in red boxes are those where both sources lie within the AGN region in both photometric methods. The black stars mark the positions of the input
sources from the MER catalogue. The size of each cutout is 3′′ × 3′′.

rated pairs are likely due to line of sight (LOS) contaminations
rather than physically associated AGN.

4.2.3. Visual inspection

We conducted a visual inspection of the QSO sample input to the
network, categorising objects as follow:

0. Clear dual objects: These are well-separated pairs where
both components are distinctly visible and compatible with
being point sources.

1. Possible duals at low separations: Objects that could be dual
sources but are at low separation (< 0 .′′25) or with asymmet-
ric morphology, making identification less certain.

2. Contaminated objects: These include secondary sources that
are not point-like sources or that are point-like but have a
separation greater than 0 .′′8.

3. Possible lens-like structures: Sources that exhibit morpho-
logical features like gravitational lensing effects such as arcs.

4. Single objects: Sources with no secondary components visi-
ble.

5. Objects with a bright host: QSOs where the presence of a
luminous host galaxy that could affect the classification.

Out of the 5993 target in the input sample, we found 51 clear
dual objects (class 0), 40 possible dual objects at low separa-
tion (class 1), about 340 classified as contaminations, 8 possi-
ble lenses, 5208 singles, and 336 associated with bright hosts.
We compared the dual AGN candidates found by the CNN with
the visual inspection. Thirty-two candidates belong to class 0 or
1, 8 belong to class 2, two are possible lenses (see Fig. C.1 in
Appendix C), and 7 belong to class 4 or 5. We note that visual
inspection was carried out in log scale on images normalized
between 0 and 1, so we classified as dual objects with a very
weak secondary when the network was trained to detect sec-
ondaries as faint as IE = 25. Table 2 shows the number of TPs

and FPs based on visual inspection identified by the CNN across
different threshold values. TPs and FPs refer to the class identi-
fied during the visual inspection (P: class 0, 1; N: other classes).
The configuration adopted in this work is the first one which, as
suggested by simulations, maximizes the difference between the
TPs and FPs. For comparison, the other two configurations max-
imize TP/FP and the number of TPs but significantly increasing
the number of FPs. We also applied visual inspection to simula-
tions, finding that we were able to correctly classify only 4% of
simulated dual objects between 0 .′′15 and 0 .′′2, while between
0 .′′25 and 0 .′′3 we classify correctly 60% of objects.

4.3. Additional space-based imaging

To test our results, we searched for higher resolution images of
our dual AGN candidates obtained with facilities such as JWST
and HST. In this case, we applied the network without using any
threshold in ISOAREA and we defined as dual candidates all the
objects for which the sum of the predicted probabilities for la-
bels 1 and 2 is higher than 0.5 (lower than the threshold we used
in Sect. 3.4). This approach allows us to identify cases that may
represent true positives which were excluded by the CNN due to
a too conservative threshold. Moreover, it provides a way to in-
vestigate potential FPs and understand the sources of misclassifi-
cation and to assess whether the observed number of FPs is con-
sistent with expectations from simulations. However, this com-
parison relies on the assumption that the simulated distributions
of separations and the magnitudes of the primary, secondary, and
host components accurately reflect the underlying real distribu-
tions, which may not always be the case. We confirm that when
the thresholds are not applied the network does not always se-
lect sources with point-like secondary components in the data,
as expected. Two sources with high resolution images were ex-
cluded from the initial selection due to ISOAREA values higher
than 450 (both having known redshifts below 0.6) though they
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Fig. 15. VIS and NIRCam/JWST images of objects predicted dual with-
out considering thresholds.

show clear indications of dual morphology (a and e in Fig. 15).
In one case, we identify an arc-like feature that could be both
a foreground lensed galaxy or a tidal feature (b). In two other
cases, the network misclassifies the sources, since it is confused
by the clumpiness and the irregular structure of the host galaxy
(c, f). Another object presents a more ambiguous scenario (d,
shown either in Fig. 12): it may be a dual AGN with a separation
of ∼ 0 .′′2, or alternatively a single AGN whose nuclear emis-
sion is covered by a dust lane, creating two distinct components.
These examples illustrate some of the limitations of the network
when dealing with complex morphologies and highlight the im-
portance of high-resolution imaging for proper classification.

4.4. MER catalogue

Working directly on images and building a network made specif-
ically for the dual AGN search is of paramount importance be-
cause in many cases the MER catalogue merges two objects with
small separation into a single catalogue entry. It is interesting to
understand which is the minimum distance between two point
sources that allows the MER catalogue to distinguish the two ob-
jects and thus list them as two separate entries. To answer this,
we calculated for each source in the catalogue the distance to
the nearest source and studied in detail the pairs of sources with
separations less than 0 .′′8. In particular, we studied the minimum
distance as a function of the IE and Kron radius. We found that
the MER catalogue is not effective for binary sources at distances
less than 0 .′′8 and with flux ratios > 2. We checked which dual
candidates predicted by the neural network are associated with
two different entries in the MER catalogue. Of the 32 dual vi-
sual inspected sources of class 0 or 1, only one third have double
entries in the MER catalogue.

4.5. Summary of the CNN appliacation to real data

We found 265 candidates classified as dual systems by the CNN.
Using the threshold defined in the previous Section, we iden-
tified a sample of 49 objects that fulfil the selection criteria,
representing 0.8% of the initial sample. Of these 49 objects, 32
were classified according to the visual inspection as class 0 or 1,
eight as class 2, two as class 3, and seven as class 4 or 5, as de-
fined in Sect. 4.2.3. We showed that most systems with projected
separations larger than 0 .′′5 are likely to be LOS contaminants.
However, Euclid-band photometry allows us to further investi-
gate the nature of these systems. Among the objects with sepa-
rations greater than 0 .′′5 and available MER photometry, seven
systems have both the primary and the secondary components
falling within the AGN selection region defined by Euclid Col-
laboration: Matamoro Zatarain et al. (2025). After performing
PSF subtraction and adding a host galaxy component when re-
quired, we found that only three of these systems lie within the
AGN region. In addition to these three, the most reliable candi-

dates are those with smaller separations. These selected systems
are reported in Fig. 12. All the dual candidates we have found,
once we excluded foreground contaminants, represent around
the 0.25% of the initial sample.

5. Discussion

Estimating the true fraction of dual AGN systems remains highly
challenging, even when follow-up observations are available.
Providing a robust estimate of the dual fraction is beyond the
scope of this work. We note that the definition of dual fraction is
not always the same in all works, and different definitions may
lead to underestimation or overestimation. In this section, we
explore how our results compare with cosmological simulations,
particularly the Horizon-AGN simulation (Volonteri et al. 2022),
and with previous studies.

5.1. Comparison with simulations

The dual fraction, i.e., the number of multiple AGN over the total
number of AGN, is one of the main predictions of the models of
SMBH formation and BH-galaxy coevolution. Our results are
still too preliminary to test these predictions, but it is interesting
to compare the number of candidates we select with the results
of these predictions.

The Horizon-AGN simulation (Volonteri et al. 2022) predicts
a dual fraction of 5% when considering AGN with bolometric lu-
minosities Lbol > 1044 erg s−1 and projected separations less than
30 kpc. From this we can obtain an order-of-magnitude estimate
of the expected number of dual AGN in our sample by assuming
that the dual fraction does not depend on redshift and bolomet-
ric luminosity. This assumption is very simplistic and known not
to be true in most cases (Comerford et al. 2015; De Rosa et al.
2019), but can be used to obtain a rough estimate of the expected
numbers. Given our parent sample of ∼ 6000 AGN, this implies
an expected number of ∼ 300 dual AGN systems with the same
selections. In this study, we focused on small projected sepa-
ration (< 0 .′′8). This threshold excludes about 80% of the dual
AGN population predicted by simulations, significantly reduc-
ing our expected number of detections. Moreover, our selection
requires optical magnitude IE < 25, which limits our sample to
Lbol > 1044 erg s−1 at z = 1 and Lbol > 1045 erg s−1 at z = 3.
This corresponds to only ∼ 1.8% of the dual AGN population
found in Volonteri et al. (2022). As a result, we expect to iden-
tify 5−6 dual AGN within our sample, at redshifts up to z ∼ 3. It
is important to note, however, that the Horizon-AGN simulations
do not resolve dual AGN at physical separations below ∼ 4 kpc,
corresponding to 0 .′′5. This limitation implies that our estimate
is a lower bound, particularly at small separations where the ma-
jority of dual AGN are likely to reside. In fact, the most reliable
candidates found in this work are at separations between 0 .′′2 and
0 .′′45.

This range of separations is sampled by ROMULUS25 sim-
ulations (Tremmel et al. 2017, 2019) presented in Saeedzadeh
et al. (2024, Fig. 7), Chen et al. (2023, Astrid), and Steinborn
et al. (2016, Magneticum), which show that dual AGN dominate
at small separations. Rosas-Guevara et al. (2019) showed that
there is not a clear trend in the distribution at small distances
(< 15 kpc), while the dual AGN fraction increases around 20 and
25 kpc.
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Table 2. Performance metrics for different threshold configurations which maximise TP-FP (first row), TP/FP (second row) and TP (third row).
TP and FP refer to the class identified during the visual inspection (P: class 0, 1; N: other classes).

Threshold Sep ∆IE,21 ∆IE,H1 TP FP TP − FP TP/FP TPR (%) FPR (%)
> 0.90 > 0 .′′15 < 4 >−2 32 7 25 4.5 35 0.12
> 0.80 > 0 .′′20 < 4 > 1 20 3 17 6.7 22 0.05
> 0.5 > 0 .′′0 < 5 >−2 48 141 −93 0.34 53 2.5

Table 3. Sample Selection

Category Number of objects
QSO catalogue 15317
Selection and avoiding repetition 5993
D/L AGN (CNN w/o threshold) 265
D/L AGN (CNN w/ threshold) 49
" foreground contamination ∼ 35
" D/L AGN cand. > 0 .′′45 (phot) 3
" D/L AGN cand. < 0 .′′45 ∼ 12
" lens cand. 2

5.2. Comparison with other works

Numerous studies have searched for dual AGNs using differ-
ent selection techniques, including imaging and optical spec-
troscopy (Hennawi et al. 2006; More et al. 2016; Eftekharzadeh
et al. 2017; Mannucci et al. 2022; Scialpi et al. 2024; Jiang et al.
2025), X-ray observations (Koss et al. 2012; Gross et al. 2019;
Guainazzi et al. 2021; Sandoval et al. 2023) and radio surveys
(Fu et al. 2015; Rubinur et al. 2018; Gross et al. 2019). Each of
these approaches, however, is subject to selection biases. A ma-
jor observational bias arises from the fact that dual AGNs in the
late stages of galaxy mergers are often heavily obscured by dust
(Ricci et al. 2017; Koss et al. 2018; Barrows et al. 2023). Another
important limitation is due to the sensitivity and the angular res-
olution of the instruments employed, which probe different dual
AGN populations and different physical scales. As shown in Fig.
24 of Pfeifle et al. (2024), dual AGN candidates reported in the
literature are scarce at both high redshift (z > 0.5) and small sep-
arations (< 5 kpc). These unexplored regions of parameter space
can be effectively probed thanks to the capabilities of Euclid.
The dual AGN fractions reported in previous works are not di-
rectly comparable to our estimation, as they depend strongly on
the adopted selection criteria as well as on the properties of the
systems (e.g., separation, luminosity), but a comparison can still
be instructive.

Barrows et al. (2023) reported a dual AGN fractions between
0.2% and 1%, depending on bolometric luminosity and separa-
tion, within the redshift range 0.08 < z < 0.58 and projected
separations ranging between 10 and 70 kpc. These values corre-
spond to angular separations between ∼ 1′′ and ∼ 0 .′′6, i.e. an
order of magnitude larger than the physical scales probed in the
present work. Li et al. (2024) estimated that the pair fraction in-
creases with redshift, starting at approximately 4.5% at z ∼ 0.5
and reaching around 22.9% at z ∼ 4.5. This fraction drops to
below 1% when considering only objects with projected separa-
tions smaller than 0 .′′8 as in this work. They found the distri-
bution of projected separations to be relatively flat, but did not
identify any pairs with separations smaller than ∼ 2 kpc.

Recently Silverman et al. (2020) found a dual QSO fraction
of (0.26 ± 0.18)% from z = 3 to z = 1.5 with separations of 0 .′′6
and 4′′. Yu et al. (2011) found that 0.02%–0.06% of AGN are
dual AGN with double-peaked narrow line features at redshifts

of z ∼ 0.5–1.2. Rosario et al. (2011) estimated a dual fraction
between 0.32% and 0.5%, similar to Fu et al. (2011). Koss et al.
(2012) estimated that, among AGN in the Swift BAT sample,
the fraction of dual AGN at projected separations of less than
15 kpc is approximately 5% (8 out of 167 systems). In contrast,
the corresponding dual AGN fraction among Seyfert galaxies in
the SDSS is significantly lower, at only 0.25%. These estimates
are all broadly comparable with our results.

5.3. Other architectures

We explored the use of Domain-Adversarial Neural Networks
(DANN) for domain adaptation, a technique designed to help
models generalize when the target domain data (i.e. the real data)
is entirely unlabeled, as in our case (Ganin et al. 2015). The goal
of DANN is to learn a mapping between domains such that the
features extracted by the network are both discriminative for the
task and invariant to domain shifts. This means that the features
should have similar distributions in both the source (simulations)
and target (data) domains, allowing the model to generalise well
to the target domain (Ajakan et al. 2014; Huertas-Company et al.
2024; Belfiore et al. 2025; Ginolfi et al. 2025). However, our at-
tempt did not provide any improvement on the real data, though
the network was able to generalize the features of data and simu-
lations. Minimising the discriminator, we found no improvement
in terms of reducing FPs labelled with the visual inspection.

We also used one of the most popular architectures, Resnet18
(He et al. 2016), by adding the last layers for the prediction of
system properties as described in Sect. 2.5. Although it achieved
a training set accuracy of 99%, which was not achieved by the
other networks, its performance on the test set and on the real
data was worse than the network we used, producing an order
of magnitude more FPs compared to our CNN, probably due to
overfitting.

We also tried combining different simulations, increasing the
size of the training set, but the performance remained similar.

6. Conclusions

In this work, we took advantage of the Euclid data release Q1,
which, thanks to its wide area, high sensitivity and resolution,
provides a unique opportunity to identify close AGN pairs. We
developed a CNN trained on realistic simulations to search for
dual or lensed AGN at sub-arcsec separations (< 0 .′′8). The CNN
performs significantly better than classical detection methods,
especially in the regime of small separations, and maintains a
high completeness while finding a limited number of FPs. Ap-
plying our model to a sample of ∼ 6000 QSOs, we identified a
first set of promising dual/lensed AGN candidates. Once we esti-
mated the number of foreground contaminants and expected FPs
from the CNN, and identified two possible lens candidates, we
found a dual fraction of ∼ 0.25%, with an overdensity of these
systems at low separations (below 0 .′′45) where contamination
of foreground objects is lower compared to high separations. For
sources at larger separations (> 0 .′′45) we performed a photo-
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metric analysis to study colours relative to Euclid Collaboration:
Matamoro Zatarain et al. (2025) diagrams and found that three
objects could be compatible with being dual AGN, while most
of the systems are most likely foreground contaminants. While
our CNN demonstrates promising performance for future Euclid
release, further progress requires refining the simulated training
set, such as the exploitation of all four Euclid bands into the ma-
chine learning framework. This will not only improve the pre-
diction of the network by providing more realistic examples, but
also allow the CNN to estimate the probability that a secondary
object is a foreground contaminant, such as a star, or another
AGN. Larger samples and the full depth and coverage of future
Euclid releases, such as DR1, should be used to test the scal-
ability of the CNN. The main bottleneck remains in the visual
inspection stage, which will not be feasible for future releases.
However, because our CNN has been designed to maximise the
number of TPs compared to FPs, and given that the expected
fraction of dual AGN is relatively small (Rosas-Guevara et al.
2019; Volonteri et al. 2022), the number of candidates should be
manageable for visual inspection. Spectroscopic follow-up and
higher-resolution imaging will be critical to confirm the nature
of candidates, especially at sub-arcsec separations. Furthermore,
future Euclid releases, complemented by data from JWST, LSST,
and Roman, will be key to achieving a statistical census of dual
AGN and constraining models of SMBH growth and galaxy evo-
lution.
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Appendix A: Comparison between data and
simulations

We compare the statistical properties of our simulated AGN
with those measured on observational data using the mean signal
level, the standard deviation, and the Gini coefficient. The Gini
coefficient is defined as

G =

∑n
i=1
∑n

j=1 |xi − x j|

2n2 x̄
, (A.1)

where xi is the flux in pixel i, n is the total number of pixels, and
x̄ is the mean flux. It defines the flux distribution in an image;
higher values indicate that the flux is concentrated in the center
(for instance, when the image is dominated by an unresolved
AGN), while lower values correspond to AGN with more diffuse
host galaxy. From Fig. A.1 we see that the simulations reproduce
the observed distributions well, with both samples occupying the
same region of parameter space.

Fig. A.1. Comparison of the statistical properties of the simulations
(blue) and the data (red). The upper panel shows the Gini coefficient
vs. mean of the signal in logarithm. The lower panel shows the Gini co-
efficient vs. standard deviation of the signal in logarithm. In both panels,
the contours represent kernel density estimates of the respective distri-
butions with 5 levels.

Appendix B: CNN on foreground contamination

In Sect. 4.2 we gave an estimate of foreground contaminants.
In order to compare the number of dual objects found in Q1
and the number of possible contaminants, it is necessary to use
the same detection algorithm, in this case CNN. Therefore, once
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we added a PSF to the random cutouts, it was possible to study
how the network behaves in the case of extended contaminants
sources. In Fig. B.1, we show some examples of the behavior
of the network recognising when the contamination is point-like
(left panel, dual) or extended and not considered as a contami-
nant (right panel, single).

Appendix C: Lens candidates

The network classified both the objects in Fig. C.1 as dual candi-
dates. In the visual inspection, we identified features consistent
with lensing and we classified both as class 3. The first system
may represent a quadruply lensed configuration, while the sec-
ond exhibits an arc-like structure that could also be interpreted
as a ring galaxy, similar to the case shown in Fig. 15(c).
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Fig. B.1. Application of the CNN to the foreground contaminations. The left panel shows examples predicted as dual systems; the right panel
shows examples predicted as single systems. In both panels, the first column represents random cutouts and the second column the random cutouts
+ PSF.

Fig. C.1. VIS images of objects predicted as dual by the CNN showing
lens-like configurations.
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