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ABSTRACT

The Euclid Wide Survey (EWS) is predicted to find approximately 170 000 galaxy-galaxy strong lenses from its lifetime observation
of 14 000 deg2 of the sky. Detecting this many lenses by visual inspection with professional astronomers and citizen scientists alone
is infeasible. As a result, machine learning algorithms, particularly convolutional neural networks (CNNs), have been used as an
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automated method of detecting strong lenses, and have proven fruitful in finding galaxy-galaxy strong lens candidates, such that the
usage of CNNs in lens identification has increased. We identify the major challenge to be the automatic detection of galaxy-galaxy
strong lenses while simultaneously maintaining a low false positive rate, thus producing a pure and complete sample of strong lens
candidates from Euclid with a limited need for visual inspection. One aim of this research is to have a quantified starting point on the
achieved purity and completeness with our current version of CNN-based detection pipelines for the VIS images of EWS. This work is
vital in preparing our CNN-based detection pipelines to be able to produce a pure sample of the >100 000 strong gravitational lensing
systems widely predicted for Euclid. We select all sources with VIS IE < 23 mag from the Euclid Early Release Observation imaging
of the Perseus field. We apply a range of CNN architectures to detect strong lenses in these cutouts. All our networks perform extremely
well on simulated data sets and their respective validation sets. However, when applied to real Euclid imaging, the highest lens purity is
just ∼11%. Among all our networks, the false positives are typically identifiable by human volunteers as, for example, spiral galaxies,
multiple sources, and artifacts, implying that improvements are still possible, perhaps via a second, more interpretable lens selection
filtering stage. There is currently no alternative to human classification of CNN-selected lens candidates. Given the expected ∼105

lensing systems in Euclid, this implies 106 objects for human classification, which while very large is not in principle intractable and
not without precedent.

Key words. methods: data analysis – surveys – dark matter – large-scale structure of Universe

1. Introduction

Euclid (Laureijs et al. 2011; Euclid Collaboration: Mellier et al.
2025) is a European Space Agency (ESA) medium-class mission
with the main objectives to study dark matter and dark energy,
the dominant yet elusive components of the Universe, and
address the tensions that have recently emerged within the stan-
dard cosmological model (Euclid Collaboration: Ilić et al. 2022).
Euclid maps the evolution of mass distribution throughout cos-
mic time using weak lensing, baryonic acoustic oscillations, and
the large-scale structure.

Strong gravitational lensing is a phenomenon where the light
from a distant source, or multiple sources, is deflected by a mas-
sive foreground object, which results in the creation of distinct
multiple images, arcs, or rings, depending on the nature of the
source and the alignment. Strong lensing has several applica-
tions such as providing constraints on dark energy (Meneghetti
et al. 2005; Suyu et al. 2010; Collett & Auger 2014; Caminha
et al. 2022; Li et al. 2024), the mass distribution of galaxies
(Miralda-Escude 1991; Möller et al. 2002; Limousin et al. 2005),
dark matter (Vegetti et al. 2024; Powell et al. 2023), and the
slope of inner mass density profile (Treu & Koopmans 2002;
Koopmans et al. 2009; Zitrin et al. 2012; Spiniello et al. 2015;
Li et al. 2018), which are crucial legacy science objectives of the
Euclid mission.

Galaxy-scale strong lenses are rare; often only one in
≈103–104 galaxies in blank-field surveys are identified as being
part of strong gravitational lensing systems (Collett 2015). To
date, around a thousand gravitational lenses have been found
across many heterogeneous data sets (e.g. Lehar et al. 2000;
Nord et al. 2016; Shu et al. 2017; Petrillo et al. 2019a). ESA's
Euclid space telescope is expected to increase the number of
potential strong gravitational lens candidates by orders of mag-
nitude (Collett 2015). For example, it is estimated that there will
be approximately 170 000 observable galaxy-galaxy lenses in the
Euclid data set among over a billion potential objects (Metcalf
et al. 2019). This brings about a new era for strong lensing where
large relatively well-defined samples of lenses will be available.
Euclid has already started to find strong gravitational lenses (e.g.
Acevedo Barroso et al. 2025; O’Riordan, C. M. et al. 2025).
While it is easy, in principle, to create a highly complete cat-
alogue of strong lensing systems from Euclid, it is not at all
obvious how to make this sample reliable. The most commonly
used method for finding lenses in imaging surveys has been by
visual inspection of candidates selected on the basis of luminos-
ity and/or colour. However, the scale of Euclid’s data set makes
classification with human volunteers alone near to impossible.
We therefore require an automated approach, a task that is well
suited to using machine learning.

Owing to their success in identifying strong lenses in the
strong gravitational lens finding challenge (Metcalf et al. 2019),
convolutional neural networks (CNNs, LeCun et al. 1989) have
become widely preferred over other machine learning tech-
niques. CNNs excel at feature learning from imaging data, and
the spatial information extracted makes it useful for under-
standing the image content. To learn features, CNNs generally
use several convolutional and pooling layers followed by fully-
connected layers in order to make a prediction. CNNs are
trained by associating the given labels with the extracted features
through gradient-based back-propagation (Hecht-Nielsen 1992;
Buscema 1998).

CNNs are a widely-used technique for identifying strong
gravitational lenses across many recent surveys (Petrillo et al.
2017, 2019a,b; Lanusse et al. 2018; Pourrahmani et al. 2018;
Schaefer et al. 2018; Davies et al. 2019; Metcalf et al. 2019; Li
et al. 2020; Li et al. 2021; Cañameras et al. 2020; Christ et al.
2020; Gentile et al. 2022; Rezaei et al. 2022; Andika et al. 2023b,
and Nagam et al. 2023). The most popular architectures that have
been used in finding strong lenses are EfficientNet (Tan & Le
2019), DenseNets (Huang et al. 2017; e.g. Nagam et al. 2023,
2024), and ResNet (He et al. 2016; e.g. Thuruthipilly et al. 2022;
Storfer et al. 2022).

Here, we perform a systematic comparison of networks and
training data sets, all of which are tested on a common test set.
Such a study is a powerful diagnostic for identifying the strengths
and weaknesses of different network architectures and the con-
struction strategies of different training and validation data sets,
and will inform the development of a robust, automated approach
to produce a highly efficient lens search. Similar work by More
et al. (2024) also shows a comparison and benchmarking of dif-
ferent networks trained on their individual training data sets. The
network architectures they implement are described in Sect. 2 of
More et al. (2024), and involve similar architectures to the net-
works we use in this work, which we describe in Sect. 3. They
show that each network performs well on their own constructed
test data sets compared to those from others, yet all networks
perform comparably on a common test data set of (real) lenses
and non-lenses. Similar to their work, we compare our networks,
trained and validated on their own respective data sets, and tested
on a common test set, which is, in this case, composed of real
Euclid imaging, in which the point spread function (PSF) is suf-
ficiently different to the analysis in More et al. (2024) that the
present study is warranted.

The paper is structured as follows. In Sect. 2, we briefly intro-
duce Euclid’s Early Release Observation data and describe the
common test data set. In Sect. 3, we describe the various net-
works and the methodologies used in generating the training and
validation sets. In Sect. 4, we list the performance metrics used
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in evaluating the various networks, and we present the results in
Sect. 5. We give our conclusions in Sect. 6.

2. Early release observations

Below, we give a brief overview of the Euclid space telescope
and its Early Release Observation (hereafter ERO) data (Euro-
pean Space Agency 2024). The ERO programme was an initia-
tive of ESA and the Euclid Science Team, including 24 hours of
observations that were taken before the start of Euclid’s nomi-
nal survey. These ERO data were not part of the nominal survey,
and address legacy science rather than Euclid core science. The
test set that we use for the various networks was constructed
from one of the six selected ERO proposals where a visual
inspection of objects was performed by a team of Euclid Con-
sortium members to produce a truth set of lens candidates for
this study. We discuss the methods used to construct this test
set here.

2.1. Euclid space telescope

The Euclid space telescope consists of two major components,
namely the service module and the payload module. The service
module takes care of the power generation, navigation, and com-
munication modules. The payload module of Euclid is equipped
with two cameras, namely the Visual Imager (VIS, Euclid
Collaboration: Cropper et al. 2025) and the Near Infrared Spec-
trometer and Photometer (NISP, Euclid Collaboration: Jahnke
et al. 2025). The VIS camera is equipped with a single broadband
filter, operating between wavelengths of 530 nm and 920 nm.
Additionally, the Euclid NISP instrument provides multiband
photometry in three near-infrared bands, YE, JE, and HE, operat-
ing in the 950–2020 nm wavelength range (Euclid Collaboration:
Schirmer et al. 2022).

2.2. Data sets

The ERO programme committee selected six project proposals
covering a total of 17 ERO fields. Euclid first released its ERO
(Cuillandre et al. 2025a) data internally for its Euclid Consor-
tium members. One among the six projects was to observe a
cluster of galaxies and as a result the Perseus cluster of galaxies
was selected to be observed. For this Euclid ERO programme,
0.7 deg2 of deep observations of the central region of the Perseus
cluster were carried out using the broad filter in the optical band
IE with the VIS instrument, and three broad near-infrared fil-
ters YE, JE, and HE with the NISP instrument. Cuillandre et al.
(2025b) shows that there are ∼1000 foreground galaxies belong-
ing to the Perseus cluster and 100 000 distant galaxies occupying
the background.

The Euclid Wide Survey (EWS) is designed to image each
point of the sky using a single Reference Observing Sequence
(ROS; Euclid Collaboration: Scaramella et al. 2022). The obser-
vations for the ERO data of the Perseus cluster were carried out
with four dithered exposures of 87.2 seconds in each of the YE,
JE, and HE filters, and four dithered exposures of 566 seconds in
IE. The Euclid performance verification phase was carried out in
September 2023 (Cuillandre et al. 2025a), separate but in con-
junction with Euclid ERO data. The Perseus cluster ERO data
consisted of four ROS with a total integration time of 7456 sec-
onds in the IE filter, and 1392.2 seconds in the YE, JE, and HE

filters thereby achieving a depth 0.75 magnitudes deeper than
the EWS. The Perseus cluster imaging represents an appropriate

Fig. 1. Three grade A candidate lenses found by a visual inspection of
12 086 stamps from the Perseus cluster showing clear lensing features.
Each IE-band image is 10′′ × 10′′. Detailed lens models for these candi-
dates are shown in Appendix C of Acevedo Barroso et al. (2025).

data set to perform a search for gravitational lens systems, and to
prepare for future systematic investigations with the EWS data.

2.3. Construction of the common test set

The ERO data of the Perseus cluster were reserved for testing and
comparing the different networks discussed in this work. A team
of Euclid Consortium members performed a systematic visual
inspection of the 0.7 deg2 Euclid ERO data of the Perseus cluster
using both the high-resolution VIS IE-band, and the lower resolu-
tion NISP bands (Acevedo Barroso et al. 2025). Every extended
source brighter than magnitude 23 in IE was inspected, which
amounted to 12 086 stamps of 10′′ × 10′′ with 41 expert human
classifiers.

The detailed classification scheme for classifying the sources
(see Acevedo Barroso et al. 2025 for details) into one of the fol-
lowing non-overlapping categories, in which A, B, and C are
positive grades, whereas X, and I are negative grades, is given
as follows:

– class A represents definite lenses showing clear lensing
features;

– class B indicates that lensing features are present, but cannot
be confirmed without additional information;

– class C denotes that lensing features are present, but can also
be explained by other physical phenomena;

– class X denotes a definite non-lens;
– class I are interesting objects, but are definitely not lensing

systems.
The visual inspection resulted in the discovery of three grade
A candidates, 13 grade B candidates, and 52 grade C candidates.
The 16 combined grade A and grade B candidates were modelled
to assess their validity by checking that they were consistent with
a single source lensed by a plausible mass distribution, for which
five candidates passed this test. The three grade A candidates are
shown in Fig. 1.

For this work, however, the decision was made to label the
68 combined grade A, grade B, and grade C candidates as poten-
tial lenses. Grade B and C candidates are shown in Fig. A.1. This
corresponds to asking each network to select visually plausible
lens candidates. Thus, the common test set to evaluate the vari-
ous networks is composed of the 12 086 stamps, inclusive of the
68 lens candidates being the positives, and the remaining stamps
the negatives.

3. Overview of networks

Here, we give an overview of the various networks with their
respective training data sets. The networks described in this
section represent our current CNN-based detection methods for
finding strong lenses in Euclid. In total, 20 networks were used,
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of which six networks were trained with data from the same sim-
ulation sets, created using halo catalogues provided by Euclid
Collaboration: Castander et al. (2025), though these training sets
differ in size for each network. The remaining networks were
trained on their respective training data sets, created specifically
for this study using either Galaxy Zoo (Masters 2019, hereafter
GZ) and/or the Kilo Degree Survey (KiDS, de Jong et al. 2013)
data, which are of different sizes. The training data sets for each
network are described in the following subsections. We present
the results of evaluating the 20 networks on the common test set
in Sect. 5, illustrating which networks are successful lens find-
ers, and which are therefore good candidates for our automated
detection pipeline.

3.1. Zoobot

Zoobot (Walmsley et al. 2023) is a Bayesian CNN pre-trained
to find morphological features on over 100 M responses by GZ
(Masters 2019) volunteers answering a diverse set of classi-
fication tasks on over 800 k galaxies from the Sloan Digital
Sky Survey (SDSS), Hubble Space Telescope (HST), Hyper
Suprime-Cam (HSC), and the Dark Energy Camera Legacy
Survey (DECaLS) imaging data (Walmsley et al. 2023).
Zoobot can be trained either from scratch or fine-tuned, a

method in which a pre-trained model is adapted to solve a spe-
cific task (Walmsley et al. 2022). The latter approach is the
most common use of Zoobot, since it takes advantage of the
learned representation of galaxy morphology. In this applica-
tion to Euclid ERO data, we used both approaches. In this
work, we take the EfficientNetB0 (Tan & Le 2019) architec-
ture variant of Zoobot, pre-trained on 100 M GZ classifications,
and fine-tune it to classify strong lenses in the ERO data set.
Here, we fine-tune Zoobot by removing the ‘head’ of the
EfficientNetB0 model and fixing the weights of the remain-
ing layers (that is, these layers remain ‘frozen’). We add a new
head to the model with outputs appropriate to the new problem
of classifying strong lenses; specifically, the binary classifica-
tion task where the model's output is a predicted probability that
a given input belongs to the positive class (class ‘lens’). The new
head is trained to predict outputs for this new problem given the
frozen representation and new labels, allowing the new head to
benefit from previously learned representations. The new head
is composed of two dense layers. The first dense layer has 128
units with dropout probability p = 0.2, and a rectified linear unit
(ReLU) activation function. The second dense layer has two units
with a softmax activation function.

Fine-tuning a classifier still requires some training examples,
though less than training a classifier from scratch (You et al.
2020). A great challenge in astronomy, specifically the research
area of strong gravitational lensing, is the lack of sufficiently
large labelled data sets to train supervised deep learning models.
Similarly to previous studies (e.g. Lanusse et al. 2018; Huertas-
Company et al. 2020), the model we describe in this section was
trained using simulated images with known labels described in
the next section.

3.1.1. Simulated lenses for Zoobot

The data used to train Zoobot for this application were simu-
lated Euclid images from the VIS instrument, created using the
Python package Lenzer, specifically designed for this work1.
To create the simulations, Lenzer required real galaxy images
for the source galaxy to produce the simulated lensed light.

1 https://github.com/RubyPC/Lenzer

These needed to have at least the same spatial resolution and
depth at approximately the same wavelength range as IE-band
(Cropper et al. 2016) in order to simulate Euclid-like data. These
requirements are fulfilled with the Cosmic Evolution Survey
(COSMOS; Scoville et al. 2007) with the Advanced Camera for
Surveys (ACS) Wide Field Channel of HST in the F814W filter,
with an angular resolution of 0 .′′09, and a pixel scale of 0 .′′03.
The depth and resolution are better than those estimated for
Euclid: 24.5 mag at 10σ for Euclid, as opposed to 27.2 mag at 5σ
for HST (Euclid Collaboration: Aussel et al. 2024). We note that
the wavelength range of the IE-band includes the F814W band
of HST; we applied a magnitude restriction of mF814W < 23.5
with a redshift range of 2.5 < z < 5.0, yielding a selection of
36 606 galaxies. We smoothed the selected galaxy images with a
kernel given by the difference in HST ACS and VIS point spread
function and resampled to give an IE-band pixel scale of 0 .′′1.
To simulate the lensed light, Lenzer required the Lenstronomy
Python package (Birrer & Amara 2018), Skypy (Amara et al.
2021) and Speclite which is part of the Astropy package
(Astropy Collaboration 2022). To obtain a list of light profiles for
Lenstronomy, we draw a random rotation angle for the galaxy
images in our selection and transform the rotation angle and axis
ratio into complex ellipticity moduli for the light profile. Red-
shifts and magnitudes for the lens galaxies were sampled from
a distribution of Sloan Lens ACS Survey (SLACS) lens data
(Bolton et al. 2008; Shu et al. 2017). From these sampled mag-
nitudes, the velocity dispersions of the lens galaxies, σv, were
calculated using the Faber–Jackson relationship (Faber & Jack-
son 1976), and the Einstein radius of each lensed image, θE, was
calculated using

θE = 4π
(
σv
c

)2 DLS

DS

, (1)

where DLS and DS represent the lens-source and the observer-
source angular diameter distances, respectively, resulting in
0.40 ≤ θE ≤ 2.1. The remaining parameters of the lensed images
were randomly sampled using a uniform distribution. Finally,
Gaussian noise was added in each pixel to the individual sim-
ulated lensed images to reproduce the depth of the IE-band. All
simulated lenses represented strongly lensed systems. The sim-
ulated lens images were randomly added to sources extracted
from two other ERO fields, NGC6397 and NGC6822, with mag-
nitudes IE < 23. These two ERO fields do not overlap the Perseus
cluster. A total of 50 000 simulated lensed images were pro-
duced. The training set was also composed of 50 000 negatives
from real Euclid data. The negatives were sources extracted from
the two ERO fields mentioned above, which were not used in
creating the simulated lensed images.

Diversity of gravitational lensing systems is important to
consider, and simulations of gravitational lenses using different
methods can provide a range of different lensing configurations.
The second data set we used to train from scratch and fine-tune
Zoobot were lens simulations with known labels, created in the
same manner as above, using an elliptical Sérsic light profile,
and SIE mass model for the lens galaxy, but with HST Ultra
Deep Field (UDF) sources as source galaxies. Likewise, these
simulations represented strongly lensed systems only. However,
the simulated lensed images added to the source galaxies were
produced in a different way. For a more detailed description of
the simulation set, see Sect. 3 of Metcalf et al. (2019).

3.1.2. Experiments and training procedure

We thus trained the EfficientNetB0 model with four different
approaches and present a comparison of results in Sect. 5. In two
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of the approaches, we trained the EfficientNetB0 model from
scratch on two sets of simulated gravitational lenses, Lenzer and
those described in Metcalf et al. (2019). We will hereafter denote
these networks with E1 and E2, respectively. For the remaining
two approaches, we took the pre-trained network on the GZ clas-
sifications and fine-tune it with the same two simulation sets
as before. We denote the fine-tuned networks as Zoobot1 and
Zoobot2, respectively.

These four networks were trained in the same fashion. The
images were resized to 300 × 300 pixels and normalised to
have pixel values between 0 and 1. We trained each network
up to 100 epochs with train/validation/test sets split sizes of
80%/10%/10%, respectively. The test sets we describe here are
not used for training, and were only used to evaluate the per-
formance of each network on the two simulation sets. We used
the binary-cross entropy loss and the adaptive moment estima-
tion optimiser (Adam; Kingma & Ba 2015) with a learning rate
of 10−4. Adam introduces an adaptive learning rate over stan-
dard optimisation methods such as stochastic gradient descent
(SGD). We applied a softmax activation to each network's out-
put to obtain a predicted probability of the positive class (class
‘lens’). We set a probability threshold of pTHRESH = 0.5 for all
networks for a given input to belong to the positive class, such
that an image will be classified as a lens if the prediction of
the network for the positive class is above pTHRESH. This is set
by default in the Zoobot documentation but can be adapted
(Walmsley et al. 2022), although we kept the default probabil-
ity threshold for this work. For each network, we saved the best
weights which correspond to the epoch with the minimum val-
idation loss, and we used early stopping to end training if the
validation loss ceased to converge, thereby ending further train-
ing after epoch 92 for Zoobot1. The remaining three networks
were trained for 100 epochs. All Zoobotmodels were adapted to
take the 10′′ × 10′′ images in the common test set as input.

3.2. Naberrie and Mask R-CNNs

The five networks we discuss in this section are Naberrie,
based on a U-Net architecture (Ronneberger et al. 2015), and four
Mask R-CNNs, or Mask Region-based CNNs, (He et al. 2017),
namely MRC-95, MRC-99, MRC-995, and MRC-3. U-Net is a CNN
originally designed for image segmentation (Ronneberger et al.
2015), consisting of a contracting path and expansive path which
are approximately symmetrical, giving the model its U-shape.
The difference between U-Net and a generic CNN is the use of
up-sampling whereby the pooling layers of a generic CNN are
replaced by up-convolution layers, thus increasing the resolution
of the output. Similar to U-Net, the Mask R-CNNs are designed
for image segmentation but they also combine this with object
detection. The Mask R-CNNs are able to perform pixel-wise seg-
mentation using the ‘Mask’ head which generates segmentation
masks for each object detected (He et al. 2017).

The U-Net Naberrie is made up of three separate parts: the
encoder, the decoder, and the classifier. Figure 2 shows its archi-
tecture. Naberrie takes an IE-band image of 200 × 200 pixels,
corresponding to 20′′ × 20′′ with an IE-band pixel scale of 0 .′′1.
The encoder section is made of several convolutional layers with
max-pooling and dropout applied. This produces a bottleneck
that is a dimension-reduced representation of the input data. The
decoder section is trained to take the bottleneck data as input and
to produce an image as an output. The target for the decoder is to
produce an image showing only the light from the lensed galaxy
in the input image. The classifier also takes the bottleneck data
as input; the goal of the classifier is to classify the input image

Fig. 2. Layers that construct the U-Net Naberrie including an encoder,
a decoder, and a classifier. The arrows represent skip connections,
connecting extracted features from the encoder section to the decoder
section.

as either a lens (1) or a non-lens (0). The classifier is made up of
fully-connected layers and ReLU activation functions.

The Mask R-CNNs all had the same ResNet-50 architecture
(He et al. 2016) where the default final layer for each model was
replaced with a sigmoid activation to output a probability of an
image belonging to class lens (1) or non-lens (0), with the rest
of the model weights frozen. The main difference between the
variations of the Mask R-CNNs was the threshold of the mask-
ing based on percentiles of the images (0.95, 0.99, and 0.995,
respectively); MRC-3 also had a mask threshold of 0.995. For
example, MRC-995 uses regions of the images above the 99.5th
percentile. For more information, we refer the reader to Wilde
(2023).

The simulated data used to train the models Naberrie,
MRC-95, MRC-99, MRC-995, and MRC-3 were created using
Lenstronomy (Birrer & Amara 2018) with lens parameters
taken from Metcalf et al. (2019). The aims of these simula-
tions were to train models that could be more interpretable than
the standard CNN by providing a location for lensing features
through building interpretability into the model, since the Mask
R-CNNs use object detection methods, rather than interpretabil-
ity techniques being used post-training (Jacobs et al. 2022; Wilde
et al. 2022). The redshifts and magnitudes were sampled from
the second strong gravitational lens finding challenge training
data set (Metcalf et al. 2019), which involve similar but not iden-
tical lens parameters as those used in the simulations in Sect. 3.1
for networks Zoobot2 and E2. From this, the velocity disper-
sion was determined (Faber & Jackson 1976) and the Einstein
radius calculated to be in agreement with Einstein radii reported
in Sloan Lens ACS survey data (SLACS Bolton et al. 2008;
Auger et al. 2009; Newton et al. 2011; Shu et al. 2017; Denzel
et al. 2021). The simulations used an elliptical Sérsic light profile
and an SIE mass model. Other galaxy parameters were sampled
from a uniform sampling of SLACS survey data. The training
set contained a total of 10 000 cutouts in the form of the strongly
lensed simulations described above. Naberrie required a tar-
get of the lens light for the decoder, and the Mask region-based
CNNs (Mask R-CNNs) required a mask for each galaxy. The full
details of this, and the validation and test sets used, can be found
in Wilde (2023).
Naberrie was trained in two stages both using 10 000 IE-

band 20′′ × 20′′ cutouts for 50 epochs with a learning rate of
3 × 10−4, and a batch size of 10. In the first stage, we trained the
encoder and the decoder. Once these had been trained, the best
weights from the epoch with the lowest validation loss are saved,
and loaded into Naberrie. In the second stage, the training is
done after freezing the encoder weights to the best weights from
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Fig. 3. Scheme of the architecture of the 4-layer CNN. The 4-layer CNN takes an 100 × 100 pixel IE-band image as input, and extracts features
through blocks of convolution layers and max-pooling layers, with ReLU activation functions. The final fully-connected layer uses a sigmoid
activation to produce a probability score as output, with 1 belonging to class lens.

the previous stage, and replacing the decoder by the classifier.
Finally, all three sections of Naberrie were assembled to form
the final trained model. The Mask R-CNNs were trained using
10 000 IE-band 20′′×20′′ cutouts with a learning rate of 3×10−4,
and a batch size of 10, for 50 epochs (for MRC-95, MRC-95,
MRC-995) and 100 epochs (for MRC-3). The Mask R-CNN out-
puts a probability for each class, a mask for the detection, and
a bounding box for the detection. The classifiers described in
this section were trained with the binary-cross entropy loss opti-
mised by the Adam optimisation method (Kingma & Ba 2015).
The images within the common test set were resampled/resized
to 200 × 200 pixels, corresponding to 0 .′′1/pixel, to be taken as
input by Naberrie and the Mask-RCNNs.

3.3. NG (Napoli-Groningen) and ResNet-18

The Napoli-Groningen network, NG, is a CNN with an archi-
tecture based on the model described in Petrillo et al. (2019a),
employing a ResNet-18 architecture (He et al. 2016). The net-
work takes an input in the form of a 200 × 200 pixel image,
corresponding to 20′′ × 20′′ for an IE-band pixel scale of 0 .′′1,
and outputs a number between 0 and 1, which represents the
probability of the image being a candidate lens. The training
data consisted of approximately 6000 strong lenses, and 12 000
non-lenses. The lenses were created from r-band KiDS luminous
red galaxies (LRGs) by super-imposing 106 simulated lensed
objects. The simulated lensing features were mainly rings, arcs,
and quads. The gravitational lens mass distribution adopted for
the simulations was assumed to be that of an SIE mass model,
perturbed by additional Gaussian random field fluctuations and
external shear. An elliptical Sérsic brightness profile was used
to represent the lensed sources, to which several small internal
structures were added (such as star-formation regions), described
by circular Sérsic profiles. The non-lenses in the training set are
galaxies from KiDS composed of normal LRGs without lensing
features, randomly selected galaxies from the survey with r < 21
magnitude, mergers, ring galaxies, and a sample of galaxies that
were visually classified as spirals from a GZ project (Willett et al.
2013). NG was trained with the binary-cross entropy loss opti-
mised by the Adam optimisation method (Kingma & Ba 2015)
with a learning rate of 4× 10−4 for 100 epochs, where, similar to
Sect. 3.2, the common test set images were resized to the required
200 × 200 input size of NG. For further details see Petrillo et al.
(2019a,b).

Additionally, the same ResNet architecture was trained
on a different set of lens simulations described in Sect. 3 of
Metcalf et al. (2019), namely ResNet-18, with the final
three layers replaced by fully-connected dense layers followed
by a sigmoid activation. We trained the network on 80 000
simulated strong gravitational lenses, and corresponding

non-lenses, of size 10′′ × 10′′, in the same manner for NG as
described above.

3.4. 4-layer CNN

We test the performance of a shallow 4-layer CNN in identify-
ing strong lens candidates in the ERO data of the Perseus cluster.
The CNN architecture used, shown in Fig. 3, was an adaptation
of the network developed for the morphological classification of
galaxies in Domínguez Sánchez et al. (2018), and had already
been tested with Euclid-like simulations (Manjón-García 2021).
The network had four convolutional layers of different spacings
(6×6, 5×5, 2×2, and 3×3, respectively), and two fully-connected
layers. ReLU activation functions were applied after every con-
volutional layer, and a 2 × 2 max-pooling was applied after the
second and third convolutional layers.

The training of the network was carried out following a
supervised learning approach with labelled 10′′ × 10′′ IE-band
images. The training data set for the network was strong lens
simulations created by Metcalf et al. (2019), which include com-
panions that are also lensed. It consisted of 60 000 images split
into 90% for training and 10% for validation, with a balanced
distribution of strong lenses and non-lenses. The lens simu-
lations assumed an elliptical Sérsic light profile perturbed by
an SIE mass model. We investigated training under different
conditions (simulation data sets used, training set sizes, data
pre-processing, small changes in the architecture and learning
parameters) in order to achieve both the lowest loss and false
positive rate, whilst maintaining a high true positive recovery.
The best network, however, yielded many false positives when
tested on the Perseus cluster, which will be described in detail
in Sect. 5. The network read IE-band images of 100 × 100 pix-
els, corresponding to 10′′ × 10′′ in IE-band, in which the fluxes
were normalised to the maximum value. In the learning process,
we used a binary cross-entropy loss function optimised by the
Adam stochastic optimisation method (Kingma & Ba 2015), with
a learning rate of 10−3. The model was trained for 20 epochs,
using a batch size of 24. In order to prevent over-fitting, several
data augmentation techniques were performed during training,
allowing the images to be zoomed in and out (0.75 to 1.3 times
the original size), rotated, and flipped and shifted both vertically
and horizontally. Finally, in the last fully-connected layer, a sig-
moid activation function was used to turn the output scores into
probabilities of being a lens distributed between 0 and 1, with 1
denoting the class ‘lens’.

3.5. Denselens and U-Denselens

Denselens (Nagam et al. 2023) is an ensemble of classifica-
tion and regression networks to classify and rank strong lenses.
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Denselens is constructed with a densely connected convolu-
tional network (DenseNets, Huang et al. 2017) architecture as
a backbone in which the layers are connected in a feed-forward
manner. Here, we describe the Denselens network and an adap-
tation of this network which we call U-Denselens, where an
additional U-Net is added to the original Denselens architec-
ture. We take the frozen weights of the pre-trained Denselens
network for this application.

The Denselens network includes an ensemble of four clas-
sification prediction networks in which each network predicts
an output value in the range [0, 1]. The mean of the output
predictions from the four networks, Pmean, were calculated and
the candidates whose predictions fall above a threshold (pTHRESH)
were classified as strong lens candidates, while the rest were clas-
sified as non-lenses. We set the pTHRESH value to be 0.23 for this
application to find strong lenses, since this value of pTHRESH main-
tained a true positive recovery of 50%. The candidates that were
classified as lenses were then passed to the second set of ensem-
ble networks comprising four CNNs, trained on the Information
Content (IC) value of mock simulated lenses. The IC values used
for training lenses were calculated based on Eq. (2):

IC =
[

Asrc,2σ

APSF

]
R, (2)

where Asrc,2σ is the total area of the lensed images above a bright-
ness threshold in terms of noise level of 2σ. The area of the
PSF (APSF) is defined as the square of Full Width Half Maximum
(FWHM) and R = (θE/Reff) is the ratio of the Einstein radius (θE)
to the effective source radius (Reff). In practice, IC can be used as
an effective metric to rank-order lenses that are easy to recognise
for a human or CNN classifier.

In addition to this, in our second network, U-Denselens
(Nagam et al. 2024), we included a U-Net (Ronneberger et al.
2015) at the end of the Denselens pipeline, to further improve
the accuracy in detecting strong lenses and reducing the false
positive rate. The U-Net network was trained by designating all
source pixels to a value of 1 and all other pixels to 0. The out-
put of the U-Net corresponds to a map of 101× 101 pixels. Each
pixel in the output map varies in the range [0, 1] since a sig-
moid function has been used as an activation function in the final
layer. Using the information from the source pixels, we defined
a metric, ns, which is calculated by the number of source pix-
els above a segmentation threshold, S THRESH. This segmentation
threshold represents the pixels that are considered to belong to
the source by U-Net, and which take values between 0 and 1 after
re-normalising the images. Setting the threshold too low would
result in selecting pixels for which the U-Net lacks confidence.
Conversely, a high threshold could lead to a multitude of can-
didates with minimal pixels in the segmentation output. We set
the S THRESH for Denselens and U-Denselens to a small value of
0.01, and we set pTHRESH = 0.18 for U-Denselens for this appli-
cation to the Perseus cluster. For more information, we refer the
reader to Nagam et al. (2024). The candidates that passed the
pTHRESH and have ns > 0 were selected as lens candidates. The
candidates that were rejected with ns = 0, were only retained if
they have IC ≥ 88. This step of retaining based on the IC was
done to reduce the rejection bias of the segmentation network
since the network was not trained with all possible combinations
of extremely diverse lens samples present.

KiDS data were used to create the simulated data to train
Denselens and U-Denselens. The training data set comprised
10 000 samples, balanced between 5000 mock strong lenses and

5000 non-lenses. The source galaxies were modelled by sam-
pling parameters from a Sérsic profile, such as the effective
radius Reff, and the Sérsic index n. The lens galaxies were mod-
elled with an SIE mass distribution and an elliptical Sérsic light
profile. For more information on the lensing simulations used to
train Denselens, see Nagam et al. (2023, 2024). All mock lenses
represented strongly lensed systems. The mock lenses were ran-
domly painted over the roughly 5000 selected LRGs from the
KiDS data set. The negatives comprised 5000 galaxies, including
random galaxies, sources that have been wrongly identified as
mock lenses in previous tests, and also visually classified spiral
galaxies from a GZ project. Each simulated mock lens and non-
lens corresponded to an area of 20′′×20′′. The images within the
common test set were resized on input to accommodate this. The
training strategy of Denselens and U-Denselens, and more
information regarding the simulations used for training, and vali-
dation and test sets, are explained in detail in Nagam et al. (2023,
2024), respectively.

3.6. LensCLR

Here, we explore the application of semi-supervised learning for
detecting lens candidates, as it offers a compelling advantage
over fully-supervised learning by leveraging both labelled and
unlabelled data to enhance model performance (e.g., Stein et al.
2022; Huertas-Company et al. 2023). This approach addresses
the challenge of acquiring large labelled data sets, which are
often costly and time-consuming to obtain. Semi-supervised
learning involves two training steps. First, the network is trained
using unlabelled images to learn the underlying data patterns and
structures in a self-supervised manner via contrastive learning.
The aim of this process is to cluster similar images together in
the latent space while pushing dis-similar images apart (Chen
et al. 2020a). Then, the pre-trained network is fine-tuned for the
classification task using a small number of labelled images. This
strategy not only reduces labelling costs but also improves gen-
eralisation and robustness, since the models can capture a wider
variety of patterns from diverse unlabelled data (Chen et al.
2020b; He et al. 2020).

Our model follows the simple framework for contrastive
learning of visual representations proposed by Chen et al.
(2020a). LensCLR comprised three main components: augmen-
tation, backbone, and projector modules. For the backbone, we
used EfficientNetV2B0 to transform each input image into a
lower-dimensional representation, yielding a 1280-dimensional
vector as output (Tan & Le 2021; Andika et al. 2023b). Following
that, we attached two dense layers, each with 128 neurons, as the
projector; collectively, the backbone and the projector form the
encoder. Finally, the encoder learns meaningful representations
by employing a contrastive loss function, associating augmented
views of the same image as similar and views of different images
as dissimilar (van den Oord et al. 2018).

The first phase of the training, also called pre-training or the
pretext task of LensCLR, via contrastive learning, was done by
using an unlabelled data set containing around 500 000 sources
in the Perseus cluster. This data set, called DS1, included real
galaxies, stars, quasars, photometric artefacts, and other features
observed in IE images. In the training loop, batches of 512 images
of 150 × 150 pixels were randomly selected from DS1 as inputs,
and their fluxes were scaled to be between 0 and 1 using min-max
normalisation. These images were then passed through the aug-
mentation module, which transformed the inputs with random
flips, ±π/2 rotations, and 5-pixel shifts, as well as a centre-crop
to trim them to 96 × 96 pixels.
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We note that augmenting sample xq produces a pair of views
marked as positive (xq, xk+ ) if they originate from transforma-
tions of the same source. In other words, there is a (positive)
similarity, since the pair of views originate from the same source
with the difference being that one is augmented, and negative
(xq, xk− ) otherwise, since the pair of views originate from differ-
ent sources and are thus dissimilar (e.g. Hayat et al. 2021). Next,
these images were processed by the encoder, where the output is
projected into a 128-dimensional vector: z = encoder(x). Model
optimisation was then performed, starting with an initial learning
rate of 10−3, by minimising the contrastive loss given by:

Lq,k+,{k−} = − ln
{

exp[sim(zq, zk+ )]
exp[sim(zq, zk+ )] +

∑
k− exp[sim(zq, zk− )]

}
.

(3)

We note that sim(a, b) = a · b/(τ |a| |b|) represents the cosine
similarity between vectors a and b, scaled by a configurable
‘temperature’ parameter τ. This loss function, also known as
information noise contrastive estimation (InfoNCE; van den
Oord et al. 2018), was optimised to ensure that similar pairs
(positive pairs) exhibit high similarity, whereas dissimilar pairs
(negative pairs) display low similarity.

In the second phase of training, we fine-tuned LensCLR
using a supervised learning approach with labelled images. The
labelled data set, referred to as DS2, was derived from the
strong lens simulation created by Metcalf et al. (2019), contain-
ing 50 000 strong lens and 50 000 non-lens systems of 10′′ × 10′′
in IE-band, identical to other training sets used in this work.
The simulations assumed an elliptical Sérsic light profile and an
SIE mass model of the lens galaxy, and a Sérsic profile for the
source galaxy. For a more detailed description of the simulation
set, see Sect. 3 of Metcalf et al. (2019). We split DS2 into train-
ing, validation, and test data sets with a ratio of 70%:20%:10%.
After that, a modification needed to be applied to the encoder by
removing the projector and replacing it with a single dense layer
consisting of one neuron with a sigmoid activation function. This
single dense layer later becomes the classification layer. During
fine-tuning, all weights in the pre-trained encoder were frozen,
and only the classification layer was trained. The objective was
to differentiate between lenses and non-lenses using a binary
cross-entropy loss function optimised with the Adam optimiser
(Kingma & Ba 2015), and initial learning rate of 10−4.

During the training loop, we implemented a scheduler that
reduces the learning rate by a factor of 0.2 if model performance
did not improve over five consecutive epochs (e.g., Andika et al.
2023a). Additionally, early stopping was used if the loss did not
decrease by at least 10−4 for 10 consecutive epochs. After 200
epochs, our model converged, and the optimised parameters were
saved.

3.7. VGG, GNet, and ResNext

In Euclid Collaboration: Leuzzi et al. (2024), we applied three
network architectures to find lenses in simulated Euclid-like
images: a VGG-like network, a GNet which includes an incep-
tion module, and a residual network ResNext. We now apply all
the architectures to the ERO Perseus cluster data set.

While we refer the reader to Euclid Collaboration: Leuzzi
et al. (2024) for a detailed description of the architectures, we
summarise their main characteristics here. The VGG-like network
(inspired by Simonyan & Zisserman 2015) has ten convolutional
layers alternating with five max-pooling layers, followed by two

fully-connected layers. The main building block of GNet is the
inception module introduced by Szegedy et al. (2015, 2016). The
inception module is implemented as a series of convolutions of
different sizes (1 × 1, 3 × 3, 5 × 5) run in parallel on the same
image to extract features on different scales simultaneously. Our
implementation of this architecture starts with two convolutional
layers alternating with two max-pooling layers. After this, there
is a sequence of seven inception modules, the fifth of which is
connected to an additional classifier. When computing the loss
function during training, the input of the fifth and of the final
output layers are combined, with different weights (0.3 and 1.0,
respectively). The ResNext is based on the concept of residual
learning introduced by He et al. (2016) and Xie et al. (2016),
and is implemented in such a way that every building block of
the architecture does not have to infer the full mapping between
the input and output, but only the residual mapping. This is
implemented through shortcut connections (He et al. 2016). Our
version of this architecture comprised two convolutional layers
and four residual blocks alternating with two max-pooling lay-
ers. The final layer of all networks used the sigmoid function to
provide a value in the range 0 to 1, used for the classification of
the image as a lens or non-lens as a probability score, given the
desired threshold (we set pTHRESH = 0.5).

We trained the networks with 100 000 Euclid-like mock
images, created by Metcalf et al. (2019), using 50 000 strong lens
images and 50 000 non-lens images, all of which were 10′′ × 10′′
in IE-band. The simulations were based on the halo catalogues
provided by the Flagship simulation (Euclid Collaboration:
Castander et al. 2025), which used an elliptical Sérsic light pro-
file and an SIE mass model for the lens galaxy, and a Sérsic
profile for the source galaxy. All networks were trained for 100
epochs, with an initial learning rate of 10−4, adjusted during
training to improve convergence, depending on the trend of the
validation loss function over time. We used the Adam optimiser
(Kingma & Ba 2015) and the binary cross-entropy loss. The
pre-processing of the images and training procedure are further
detailed in Sect. 4 of Euclid Collaboration: Leuzzi et al. (2024).

3.8. Consensus-Based Ensemble Network (CBEN)

The Consensus-Based Ensemble Network (CBEN) leverages the
complementary strengths of seven CNNs: ResNet-18 (He et al.
2016); EfficientNetB0 (Tan & Le 2019); EfficientNetV2
(Tan & Le 2021); GhostNet (Tan & Le 2021); MobileNetV3
(Howard et al. 2019); RegNet (Radosavovic et al. 2020); and
Squeeze-and-Excitation ResNet (SE-ResNet, Hu et al. 2018).
Each of these networks has been independently trained to clas-
sify lenses. By incorporating diverse architectures within the
ensemble, CBEN benefits from the varied feature extraction capa-
bilities and decision-making heuristics of the individual models.

The standout feature of CBEN is its decision-making process,
which relies on a unanimous voting mechanism, where a data
sample is classified as belonging to the positive class only if all
seven models independently agree on this prediction, such that
the prediction, p > β, for 0 < β < 1. In that case, the model score
is taken as the minimum of all model scores. Conversely, if there
is any disagreement among the models, the sample is classified
as belonging to the negative class, with the model score taken as
the maximum of all model scores. This criterion ensures a high
level of confidence and reduces the likelihood of false positives,
which is critical in lens identification where the cost of a false
positive is high. We investigated the performance of CBEN with
β = 0.3 and β = 0.0001, hereafter CBEN-0.3 and CBEN-0.0001,
respectively.
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All networks were trained on mock images resembling those
of Euclid IE-band, simulated in accordance with the methods
described in Metcalf et al. (2019), incorporating enhanced noise
and PSF modelling, using an elliptical Sérsic light profile and
an SIE mass profile for the lens galaxy, and a Sérsic profile
for the source galaxy. The training data set consisted of 80 000
images, split evenly with 40 000 strong lenses and 40 000 non-
lenses, with an additional 10 000 samples used for validation,
and another 10 000 for testing. The images were pre-processed
by cropping them to dimensions of 96 × 96 pixels and normal-
ising their pixel values to a range of [0, 1]. During training, we
employed the Adam optimiser (Kingma & Ba 2015) with a learn-
ing rate of 10−4, and binary cross-entropy loss. After 100 epochs,
the models with the lowest validation error were saved and tested
on the common test set. The images in the common test set were
pre-processed in the same way to dimensions of 96 × 96 pixels
with 0 .′′1/pixel.

4. Metrics used for analysis

The performance of a network can be assessed in many ways,
however we focus both on the number of true positives (TPs)
recovered, the and false positives (FPs) found from the common
test set of 12 086 stamps from the Perseus cluster. We first define
the true positive rate and false positive rate metrics (hereafter
TPR and FPR, respectively), which are used to visualise a net-
work’s performance using a Receiver Operating Characteristic
curve (ROC). Then, using the ROC curve, we calculate another
metric known as the Area Under the ROC curve (AUROC). Here,
we give an overview of these metrics which we use to eval-
uate the performance of the various networks, in addition to
introducing the importance of interpreting the false positives.

4.1. TPR and FPR

In our context, a true positive refers to a candidate lens correctly
identified as belonging to the positive class (class ‘lens’), and a
false positive represents a non-lens falsely identified as belong-
ing to the positive class. We use the following definitions of true
positive rate (TPR, also known as recall or sensitivity) and false
positive rate (FPR, also known as contamination or specificity)
at a given threshold:

TPR =
NTP

NTP + NFN

, FPR =
NFP

NFP + NTN

, (4)

where NTP is the number of true positive (TP) stamps that are
correctly predicted, NTN is the number of true negative (TN)
stamps that are correctly predicted, and NFN indicates the num-
ber of stamps that belong to the positive group but are falsely
classified as negative (false negatives, or FN). Finally, NFP repre-
sents the number of stamps that belong to the negative group but
are false positives (FP). For our application to the 12 086 stamps
from the Perseus cluster, TPR represents to proportion of grade
A, grade B, and grade C lens candidates correctly identified, and
FPR represents the proportion of stamps incorrectly classified as
a lens.

4.2. ROC

We can visualise a network’s classification performance at every
possible threshold using a Receiver Operating Characteristic
curve (ROC) which shows the TPR vs FPR, that were defined in
the previous section. A binary classifier generally gives a proba-
bility of a candidate being a lens, pLENS, in which case a threshold

is set, namely pTHRESH, and everything with pLENS > pTHRESH is clas-
sified as a lens. At pLENS = 0, all of the cases are classified as
non-lenses and so TPR = FPR = 0, and at pLENS = 1, all of the
cases are classified as lenses so TPR = FPR = 1. These points
are always added to the ROC curve. If the classifier made ran-
dom guesses then the ratio of lenses to non-lenses would be the
same as the ratio of the number of stamps classified as lenses
to the number of stamps classified as non-lenses and so TPR =
FPR. For our application to the Perseus cluster, the best classifier
will have a small FPR and a large TPR, and so the further away
from this diagonal line it will be.

4.3. AUROC score

From the ROC curve described in the previous section, we can
calculate the Area Under the ROC (AUROC) score, another met-
ric which is widely used in other studies (Metcalf et al. 2019). A
large AUROC score means that many true positives can be recov-
ered at low false positive rates. A small AUROC score means that
high false positive rates are required to achieve high true posi-
tive recovery. AUROC ranges between 0 and 1, where a value
of AUROC close to 0.5, and below, show a poor classification,
with an AUROC score of 0 meaning that the classifier is always
wrong in its classification. An AUROC score of 1 represents a
perfect classifier (for more information about ROC and AUROC
metrics see Teimoorinia et al. 2016 and references therein). Our
best classifier will have a high AUROC score.

4.4. Interpreting false positives

In addition to the important metrics defined above, we will also
give an interpretation of the false positives in the results. Com-
paring the false positive rate, and the number of false positives
(or the contamination), of each network allows us to access
the classification performance when the networks, previously
trained on simulations, are applied to real data. The networks
with a low false positive rate have a low contamination (mean-
ing they find few false positives). These networks therefore have
a lower contamination rate, defined by NFP/NTP, and produce a
more pure sample of lenses. The contamination rate is an impor-
tant metric to consider, since networks with large contamination
rates could find large numbers of false positives if applied to
future Euclid observations, beyond which a visual inspection is
infeasible.

Additionally, an investigation into the most frequent galaxy
morphologies contaminating the classification result across all
networks indicates which features the networks are responding
to, and allows us to proceed by introducing these negatives in
future training of the networks.

5. Results

Here, we attempt a systematic comparison of network perfor-
mance in preparation for CNN-based detection pipelines for the
VIS images of the ERO data of the Perseus cluster using the
metrics defined in Sect. 4 to compute the ROC of each network.
We compute the AUROC score for each network and compare
the FPR and TPR of the networks. Additionally, we compare the
lens misclassifications which are common to the majority of our
networks.

5.1. ROC and AUROC

In total, 20 networks were trained with their respective training
sets and evaluated on the common test set of 12 086 real ERO

A214, page 9 of 22



Pearce-Casey, R., et al.: A&A, 696, A214 (2025)

Fig. 4. ROC curves for the networks described in Section 3. Performance of the Zoobot networks are shown in panel (a), Naberrie and MRC
networks are shown in (b), NG, 4-layer CNN, and ResNet-18 are shown in (c), and Denselens and LencCLR are shown in (d). The performance
of the networks described in Sect. 3.7 are shown in (e), and (f) shows the CBEN networks at two voting values β = 0.3 and β = 0.0001, respectively.
The orange diagonal line marked represents the expected performance of an entirely random classifier. The values in the legend of each subplot
represent the true positive recovery for each network. Higher performance is represented in general by curves approaching the top-left corner of
the plots.

stamps from the Perseus cluster that were visually inspected.
Here, we characterise and compare the performance of the vari-
ous networks in terms of the ROC and AUROC score as defined
in the previous section.

Figure 4 shows the ROC curves for all networks evaluated
on the common test set. The random classifier (orange dotted
line) serves as a reference. The ROC curves represent the propor-
tion of the 68 lens candidates from the expert visual inspection
correctly identified as lens candidates against the proportion
of non-lenses in the expert visual inspection sample falsely
identified as lens candidates by each network. To quantify the
performance of each network, we compute the AUROC score.
A perfect binary classifier would have an AUROC score of 1.0,
meaning that the classifier can distinguish between all positive
and negative class points.

Figure 4a shows the performance of the four
EfficientNetB0 networks, of which two are pre-trained
on GZ classifications and fine-tuned on the separate simulation
sets described in Sect. 3.1, namely Zoobot1 and Zoobot2,
shown by the red and blue lines, respectively. The remaining
two networks are trained from scratch on the same two separate
simulation sets, E1 and E2, shown by the green and magenta
lines, respectively. The fine-tuned EfficientNetB0 networks,
namely Zoobot1 and Zoobot2, appear to be effective classifiers

and are more confident in ranking a candidate lens higher than
a non-lens than E1 and E2. The best performing network out
of the EfficientNetB0 networks is Zoobot1, which achieves
an AUROC score of 0.91. The fact that Zoobot1 is confident
at identifying lens candidates is most likely attributed to its
pre-training on 800 k galaxy images with over 100 M volunteer
responses and fine-tuning on training data sets given by Lenzer,
which incorporates real Euclid images into the strong lens
simulations, such that subtle effects from noise, for instance,
was included in Zoobot1’s training. However, the fine-tuned
EfficientNetB0 network trained on a different set of simula-
tions, Zoobot2, only achieves an AUROC score of 0.68. This
reinforces the fact that the training sample used to fine-tune
the networks has a significant impact on the performance. This
becomes evident when we compare the results of the Zoobot
networks trained from scratch without the learned representation
of galaxy morphology from GZ on the same simulation sets,
namely E1 and E2, which are worse at correctly classifying the
lens candidates.

Figure 4b shows the ROC curves for the networks described
in Sect. 3.2, which are trained on similar simulation sets to
Zoobot2 and E2. These networks do not appear to be strong clas-
sifiers. The best-performing model in Fig. 4b is MRC-3 with an
AUROC score of 0.66. Although MRC-3 achieves a relatively low
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AUROC score, it out-performs Naberrie, which achieves an
AUROC score of 0.45 and performs worse than a classifier that
ranks lenses and non-lenses at random. Thus, it is possible that
the network architecture is an important factor in performance, in
addition to the training sample, with MRC-3's ResNet-50 archi-
tecture out-performing the segmentation approach of U-Net in
Naberrie. MRC-3 performs similarly to the pre-trained Zoobot2
network which is fine-tuned on a similar data set. It is worth not-
ing that U-Net is a more complex architecture than the Mask
R-CNN architecture, and thus the performance of Naberrie
might improve with a larger training data set.

Figure 4c presents the classifier performance of the two
ResNet-based architectures, NG and ResNet-18 described in
Sect. 3.3 , shown in red and blue, respectively, compared to the
4-layer CNN, described in Sect. 3.4, shown in green. The per-
formance of these three networks is relatively similar, yet better
than a random classifier, with the 4-layer CNN slightly out-
performing the ResNet-based networks, with an AUROC score
of 0.77 as opposed to 0.71 and 0.65 for NG and ResNet-18,
respectively.

The networks with a commensurate classifier performance
to that of Zoobot1 are Denselens, and LensCLR, shown in
Fig. 4d, with AUROC scores of 0.83 and 0.87, shown in red and
green, respectively. Like Zoobot1, these networks are more con-
fident in identifying lens candidates and ranking those higher
than its non-lens counterpart. LensCLR uses a semi-supervised
approach, as opposed to the fully-supervised training of all other
networks presented in this work. This has proven beneficial in the
network's performance since it has been trained with and with-
out labelled data. Additionally, Denselens uses an ensemble of
networks which leads to the benefit of the capability to rank-
order candidate lenses to reduce the stochastic nature of trained
parameters in CNNs. As a result, Denselens benefits from its
sophisticated architecture, achieving a higher AUROC score than
NG, mentioned above, which is trained on similar ground-based
r-band data from KiDS. However, with the addition of the U-
Net, U-Denselens does not outperform its Denselens base
architecture, with an AUROC score of 0.73, similar to that of NG.

The networks described in Sect. 3.7, however, perform no
better than a random classifier, shown in Fig. 4e. The three net-
works, VGG, ResNext and GNet, are unable to classify candidate
lenses higher than the non-lenses in the common test set, with
ResNext achieving the highest AUROC score of 0.54, while VGG
and GNet give AUROC scores of 0.51 and 0.53, respectively.
We recapitulate that the training sample for a network has a sig-
nificant impact in the network's performance, yet the network
architecture, training set size, and the complexity of the network
can also play a crucial role. A more in-depth analysis would need
to be taken to investigate the performance of these networks

Finally, Fig. 4f shows the ROC curves for CBEN evaluated
at two voting values β, namely CBEN-0.3 and CBEN-0.0001,
shown in red and blue, respectively. Although CBEN-0.0001
performs better than its counterpart CBEN-0.3, its increased per-
formance is not large, achieving an AUROC of 0.76 in contrast to
0.72 for CBEN-0.3. Although both CBEN networks perform bet-
ter than other networks in this study, their overall performance is
only at most 76% confident at classifying a candidate lens higher
than a non-lens. Though using a different training sample could
increase the classifier performance of CBEN, despite the ensem-
ble of seven CNNs assembling its sophisticated architecture, it
is not as confident at classifying candidate lenses as other net-
works in this study of the Perseus cluster. Therefore, Zoobot1,
Denselens, 4-layer CNN, and LensCLR are the best overall
classifiers for this application.

Fig. 5. Examples of correctly identified candidate lenses (or true posi-
tives) by Zoobot1 in the IE-band. The grade of each candidate is shown
at the bottom of each subplot. Each subplot contains the predicted score,
pLENS for that candidate along with the true class (with True belonging
to class ‘lens’). Each candidate lens image is 10′′ × 10′′.

5.2. TPR and FPR

The TPR and FPR, described in Sect. 4.1, are of importance in
lens finding, since the number of true positives is generally low
due to the fact that strong lensing affects ≈1 in 10 000 galaxies.
Meanwhile, the cost of a false positive is high. Ideally, the opti-
mal network will have a high TPR and a low FPR, but often there
is a trade-off between the two quantities, so we want a network
that strikes a balance between the TPR and FPR, thus finding the
majority, if not all, of the lens candidates in our common test set
with few false positives. In this section, we compare the TPR and
FPR of our best performing networks only, but the results for all
networks are presented in Table 1.
LensCLR and Zoobot1 have the highest AUC score of all

networks, however, their performance is different with respect
to TPR and FPR. Although LensCLR has the highest TPR of
all networks finding 62/68 lens candidates with a recall score
of 94%, and recovers one more true positive than Zoobot1, it
also finds nearly 5 times the number of false positives, leading
LensCLR to have a much higher contamination (NFP). Similarly,
MRC-95 and 4-layer CNN also have high TPRs, finding 60/68
and 48/68 lens candidates, respectively, however, they also suffer
from a large number of false positives.

An example of correctly identified candidate lenses using
Zoobot1 for each grade, along with their predicted scores pLENS

is shown in Fig. 5. Zoobot1 correctly identifies 61 out of the
68 candidate lenses giving a TPR or recall score of ≈90%. In
Fig. 5, pLENS is higher for candidate lenses graded A and B than
for those in grade C. For a full distribution of pLENS across all
grades A, B, and C for Zoobot1, we refer the reader to Fig. B.1
(left) which shows the grade A and B lens candidates at a higher
predicted score than the C grade candidates. This is in agreement
with the results from the expert visual inspection where detailed
lens models were fitted for all three grade A lenses and two grade
B lenses. Zoobot1 is confident in correctly identifying grade A
lenses and even the grade B lenses, but less confident when cor-
rectly identifying grade C lenses. In contrast, Zoobot2 recovers
only 42 of the 68 lens candidates giving a recall score of only
62% which is less than the recovered candidates of Zoobot1.
For a detailed distribution of pLENS predictions from Zoobot1 and
Zoobot2, respectively, across grades A, B, and C, see Fig. B.1.

We are particularly interested in the FPR and the contami-
nation of the results (NFP). For our common test set, only about
two in a thousand objects are candidate lenses, meaning that the
contamination will be high unless the FPR is much less than the
TPR. From Table 1, Zoobot1 has an FPR of 4.55% and, in total,
falsely identifies 547 non-lenses as lens candidates.

Likewise to Zoobot1, Denselens and CBEN-0.0001 have
low FPRs of 4.64% and 4.85%, and find 558 and 584 false
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Table 1. Performance metrics for the various models with their pTHRESH values, based on the common test set of 12 086 stamps.

Model Section pTHRESH TPR FPR NFP NTP NFN NTN NFP/NTP

Zoobot1 3.1 0.50 89.71 4.55 547 61 7 11 471 8.97
Zoobot2 3.1 0.50 61.72 5.48 659 42 26 11 359 15.69
E1 3.1 0.50 41.84 10.09 1213 29 39 10 805 41.83
E2 3.1 0.50 45.42 9.09 1093 24 44 10 925 45.54
Naberrie 3.2 0.90 26.47 23.64 2841 18 50 9177 157.83
MRC-95 3.2 0.95 80.24 65.14 7828 60 8 4190 130.47
MRC-99 3.2 0.95 48.53 20.51 2465 33 35 9553 74.70
MRC-995 3.2 0.95 60.29 38.74 4656 41 27 7362 113.56
MRC-3 3.2 0.95 48.53 20.51 2465 33 35 9553 74.70
Denselens 3.5 0.23 50.00 4.64 558 34 34 11 460 16.41
U-Denselens 3.5 0.18 39.70 2.75 331 27 41 11 687 12.26
NG 3.3 0.63 63.00 31.00 3651 43 25 8367 84.91
ResNet-18 3.3 0.99 48.53 22.36 2703 33 35 9315 81.91
4-layer CNN 3.4 0.60 70.59 30.09 3616 48 20 8402 75.33
LensCLR 3.6 0.50 94.00 21.00 2480 62 6 9515 40.00
CBEN-0.3 3.8 0.30 66.18 22.42 2694 45 23 9324 59.87
CBEN-0.0001 3.8 0.0001 39.71 4.85 584 27 41 11 434 21.63
VGG 3.7 0.30 20.60 21.29 2559 14 54 9459 182.79
GNet 3.7 0.30 22.06 21.98 2641 15 53 9377 176.07
ResNext 3.7 0.30 29.41 22.70 2728 20 48 9290 136.40

Notes. True positive rate TPR and false positive rate FPR are given as percentages; total numbers of false positives (NFP), true positives (NTP), false
negatives (NFN), true negatives (NTN), and the contamination rate (NFP/NTP) are also shown. For a detailed description of each network, we refer the
reader to the respective section listed in column 2.

positives, respectively. Although this is a similar performance to
Zoobot1, Denselens has a balance between the number of true
positives and false positives, giving a TPR of just 50%, which is
considerably less. Similarly, CBEN-0.0001 also has a low TPR
of just 39.7%, again showing that reducing the number of false
positives can also cause a decrease in recovering true positives.
U-Denselens, however, with a lower pTHRESH value of 0.18 finds
far fewer false positives than all other networks and achieves the
lowest FPR of all networks, finding 331 false positives in total.
Regardless of a low number of false positives, U-Denselens
has a low TPR and recalls only 39.7% of the candidate lenses,
showing that a good balance between true positives and false
positives is still required for a pure and complete lens sample.
Since Denselens and U-Denselens have been trained from
ground-based KiDS data without fine-tuning, unlike Zoobot1,
we expect the performance of these networks to improve when
trained on real Euclid imaging in the future.

Our top-3 best performing networks are U-Denselens,
LensCLR, and Zoobot1, which are all trained from different
data sets using different strong lens simulation methods. Both
U-Denselens and Zoobot1, which have low FPRs, are trained
from data sets where strong lens simulations are added to real
galaxies, but with the difference being that the real galaxies
used to train Zoobot1 are from Euclid data. LensCLR, with a
high recall, is trained from strong lens simulations described in
Metcalf et al. (2019) with lens parameters comparable to those
given in the SLACS survey data, likewise to many other models
used in this work. Although U-Denselens achieves the lowest
FPR, and thus finds the least false positives, it recovers less than
50% of the candidate lenses (true positives). In contrast to that,
LensCLR, which recovers the highest number of candidate lenses
of all networks, finds a large number of false positives with a
high value of the FPR. Therefore, we are interested in a network
with a good balance between completeness and purity, which is a

network with a low FPR and high recall score. This condition is
satisfied with the Zoobot1 network, which has the second lowest
FPR of all networks, and a high recall score, finding just one less
candidate lens than LensCLR. Thus, Zoobot1 is the best overall
gravitational lens classifier in terms of a good balance between
a low FPR at a high TPR in this application to the Perseus clus-
ter imaging data. This is to be expected, since Zoobot1 has a
learned representation of galaxy morphology from over 100 M
GZ classifications, in addition to simulated gravitational lenses
that are painted onto real data from other Euclid ERO fields. We
can confidently state that fine-tuning a Zoobot model by adapt-
ing the head to solve a new task is currently the optimum method
of lens finding for Euclid. Additionally, we note that increas-
ing the pTHRESH value, rather than using the default pTHRESH = 0.5,
would further decrease the FPR for Zoobot1. Increasing the
pTHRESH value for this application, however, would also result in
a reduced TPR, although it is possible that many grade B and
grade C candidates are non-lenses, and lens modelling would be
required to confirm this.

5.3. Common lens misclassifications

Often, binary classifiers suffer from substantial false-positive
classifications, or a high FPR in this field of study. In the context
of lens identification, such false positives frequently occur due to
images containing multiple sources, galaxies with arms or spi-
ral galaxies, and also images with a central source and smaller
surrounding sources. Therefore, a classifier might confuse these
circumstances with lensing arcs or an Einstein ring.

The common galaxy morphologies occurring as false pos-
itives in the classification by all networks are spirals with
prominent arms, edge-on spirals, and stamps containing multiple
sources. As stated in the previous section, Zoobot1 finds a total
of 547 false positives. Examples of false positives occurring in
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Zoobot1's classification are shown in Fig. C.1. Figures C.2 and
C.3 show example false positives found by 4-Layer CNN and
U-Denselens, respectively. It is a possibility that all networks
are responding to the presence of prominent arcs and Einstein
rings in candidate lenses, so spiral galaxies and edge-on spirals
represent the perfect lens imposters. Prominent arms in spiral
galaxies can closely approximate an arc or Einstein ring in lensed
images, thus confusing the classifier. Additionally, it can be seen
that samples containing multiple sources, such as multiple galax-
ies per stamp, and clumpy galaxies, are commonly occurring
false positives. A possible explanation for such a misclassifi-
cation is that multiple sources occasionally align themselves
so as to form what the networks have learned to identify as
gravitationally lensed source image morphologies.

To reduce the number of false positives, future studies could
allow such commonly misclassified image types to constitute
their own class, such that classifiers are be more easily able to
learn the difference between images that contain real lenses, and
images that contain lens imposters. The false positives from all
networks are still recognisable as such by human experts, sug-
gesting that machine learning improvements are still possible.
An alternative possibility to simply improving the CNNs is to
use a second, more interpretable or astrophysically-motivated
stage, which could improve the purity of the lens candidates
produced by CNNs. Nevertheless, Zoobot1, Denselens and
U-Denselens, and CBEN-0.0001 achieve a good FPR for this
first application to real data from the Euclid ERO programme.

5.4. Contamination rate

In this section, we investigate the contamination rate, or the
NFP/NTP ratio, of all networks assuming a fixed FPR of 5% for this
application to the Perseus cluster data. The contamination rate is
an important measure for estimating the number of sources that
we would need to visually inspect for each network if applied
to the remaining Euclid ERO or future Euclid observations.
Although the contamination rate does not give the total number
of candidates (that being TP + FP), it does provide the expected
number of false positives a network will find per true positive.
The choice of a low FPR of 5% as a goal is practical, rather than
100% completeness for instance. Specifically, it recognises that a
visual inspector has to check all candidates, and since there will
be ∼1 billion objects for the entire EWS, even a 5% FPR results
in a lot of objects to inspect. Once the threshold, pTHRESH, for each
network to achieve this feasibly checkable number of candidates
has been established, the networks can be compared on the basis
of the completeness they achieve given those thresholds.

The Euclid ERO programme covers 17 fields including the
Perseus cluster and thus estimating the number of potential lens
candidates from each network that would have to be inspected
for the entirety of Euclid ERO, and the cost of visual inspection
time, is an important consideration for assessing and comparing
the performance of the networks described in this work.

CNNs are yet to be applied to the remaining 16 Euclid ERO
fields which, in total, comprise a total data set size of >300 000
sources. Applying CNNs with high contamination rates to the
remaining ERO fields would result in a large number of false
positives found, for which, in turn, a visual inspection of poten-
tial candidate lenses for verification becomes impractical. Here,
we choose a pTHRESH for each network which results in a FPR of
5%, and we compare the contamination rate for this application
to our common test set of 12 086 stamps from the Perseus cluster.
We limit this comparison to the networks with a contamination

Fig. 6. Contamination rate, or NFP/NTP ratio, of the potential candidate
lens sample of each network assuming a fixed FPR of 5%. Networks
with a contamination rate >100 are not included in this comparison.
The value given above each network shows the number of false positives
found for every true candidate lens in the Perseus cluster data.

rate, NFP/NTP < 100, which leaves 13 of our networks. A con-
tamination rate >100 would require a visual inspection of >100
potential candidate lenses for every true lens, which is infeasible.

Figure 6 shows the contamination rate for each network in
this work applied to the Perseus cluster data for a fixed FPR
of 5% with NFP/NTP < 100. As expected, Zoobot1 has the
lowest contamination rate of all networks, finding nine false
positives per true positive lens in the Perseus cluster. Addi-
tionally, LensCLR, Denselens, and U-Denselens find 17 and
18 false positives per true positive, respectively. Although this
number of false positives per true positive might seem much
higher than those found by Zoobot1, if we assume that an expert
visual inspection of 1000 potential lens candidates takes 1h,
then the time to verify the candidate lenses is ≈1h10min, which,
for the entirety of the Perseus cluster, is feasible. Though with
an increase in the time to visually inspect potential candidate
lenses, Zoobot2 and NG find 24 and 33 false positives, giving
a total of 1632 and 2244 false positives for the Perseus cluster,
respectively.

The remaining networks, however, have much higher con-
tamination rates ranging from ≈40 to 84 false positives for
every true positive. These high contamination rates come at the
expense of an increased visual inspection time, which would
take expert visual inspectors many hours to verify as non-lenses.
In Sect. 5.2, the 4-layer CNN performed comparatively with
Denselens network in terms of AUROC score, however, here
it has a contamination rate of >40 false positives for every true
positive. Although the number of false positives per true positive
found are less than those found by other networks in this section,
and the time to visually inspect the total false positives exceeds
that of Zoobot1, LensCLR, and Denselens, inspecting roughly
40 potential candidate lenses per true lens is reasonably feasible
for the Perseus cluster.

In summary, the networks presented in this work with
the lowest contamination rates are Zoobot1, LensCLR, and
Denselens, along with its additional U-Net U-Denselens,
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finding fewer false positives per one true positive than the
remaining networks in this work.

6. Discussion and conclusion

We have presented a systematic comparison and first attempt
of applying several networks, trained from different and diverse
data sets, to search for strong gravitational lens candidates, tested
on a common data set from a visual inspection of candidates
in Euclid ERO data of the Perseus cluster. The networks were
trained on a variety of training data sets consisting of simulated
lenses and simulated non-lenses, as well as real non-lenses. We
used standard metrics to present the results such as ROC curves
and AUROC score in Sect. 5.1, and compared examples of false
positives encountered by each network. We additionally made a
comparison of the results to compare the contamination rate in
Sect. 5.4, or the NFP/NTP ratio, to facilitate the number of poten-
tial candidate lenses from each network that would require expert
visual inspection for verification.

The main conclusions are as follows:
– Many networks trained from their own data sets, compris-

ing simulated lenses and non-lenses and/or real lenses and
non-lenses, suffer from poor performance when tested on
real data, finding many false positives for which a visual
inspection of candidates becomes infeasible;

– Zoobot1 is the overall best performing network with a bal-
ance between a high TPR and low FPR, which has been
pre-trained on 800 k galaxy images with over 100 M volun-
teer classifications and further fine-tuned on real data from
other ERO fields;

– LensCLR achieves the highest recall score of all networks but
this comes with the cost of a large number of false positives.
Therefore, increasing the recall score can cause an increase
in contamination;

– Denselens achieves a low FPR with U-Denselens achiev-
ing the lowest FPR of all networks, with both networks
trained from ground-based data without fine-tuning, yet with
low recall scores. It is evident that reducing the FPR can
decrease the number of true positives recovered;

– E1 and E2, with the same architecture as Zoobot1, under-
perform on the common test set, implying that the nature
of training, and the training sample, play a crucial role, and
fine-tuning on a combination of real data and simulated grav-
itational lenses ultimately reduces the FPR. This requires
further investigation;

– The common false positives shared by all networks are spiral
galaxies with prominent arms, edge-on spirals, and multiple
sources, which we refer to as lens imposters.

We therefore recommend Zoobot1, LensCLR, Denselens, and
U-Denselens to be used for future strong gravitational lens
searches, with Zoobot1 being the optimal network for reduc-
ing the FPR whilst maintaining a high true positive recovery, of
which is of high importance in strong lens finding. However, the
roughly 9 : 1 false positive to true positive ratio in even our best
CNN lens finding model implies that the CNNs are currently still
far from being able to produce a pure sample of the >100 000
strong gravitational lensing systems widely predicted for Euclid.
As previously stated, lensing affects ≈1 in 10 000 galaxies, so
for the entire Euclid ERO data, our best network Zoobot1 with
a 9 : 1 false positive to true positive ratio would find ≈300
lens candidates. Although a visual inspection of this number of
candidates is easily attainable, we expect of the order of >106

candidates for the entirety of the EWS. This is a very large under-
taking, but is still small in comparison to the size of the GZ data

sets, for instance. Therefore, one approach to achieving a pure
sample of >105 Euclid lensing systems is to enrol the efforts
of human (possibly expert) volunteers. The fact that the false
positives are still quickly identifiable by experts, and the type
of false positives found by all networks are in agreement, also
suggests that improvements are possible in the machine learn-
ing lens candidate selection. Additionally, this work has focused
on IE-band data of the 12 086 stamps from the Perseus cluster
only. The addition of the remaining YE, JE, and HE filters offers
further potential improvements to the machine learning lens can-
didate selection, which are be imperative in searching for strong
gravitational lenses in Euclid.
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Appendix A: Lens candidates

We show the remaining 65 combined grade B and C lens candidates out of the total 12 086 stamps with IE < 23 mag from the Perseus
cluster ERO imaging in Fig. A.1. These candidates were visually inspected by professional astronomers and full details are given in
Acevedo Barroso et al. (2025). There were 13 candidates taken to be probable lenses graded B. Detailed lens models were fitted to
two grade B candidates which were consistent with a single source lensed by a plausible mass distribution. There were 52 grade C
candidates, all of which have lensing features present but this could be explained by other physical phenomena. However, we have
included all grade C candidates in our common test set.

Fig. A.1. 65 potential lens candidates considered as true positives in the common test data set in this work. The three grade A candidates are shown
in Fig. 1 in the main text. 13 grade B and 52 grade C lens candidates are shown above with the respective grades shown in red in the bottom left
corner of each subplot. Each image is 10′′ × 10′′.
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Appendix B: Distribution of predicted scores from fine-tuning

We show the distribution of predictions, pLENS, on the 68 lens candidates given by the two fine-tuned EfficientNetB0 networks
with pTHRESH = 0.5, namely Zoobot1 and Zoobot2, described in Sect. 3.1. Figure B.1 (left) shows the histogram of predicted scores
for the 68 lens candidates using Zoobot1, with the grade A and B candidates shown to the right of this distribution in red and blue,
respectively. These candidates are confidently classified as lenses. There is one grade B candidate that has a predicted score below
the prediction threshold, thereby classified as a non-lens by Zoobot1. Figure B.1 (right) shows the predicted scores for the lens
candidates using Zoobot2. Although Zoobot2 correctly classifies all grade A definite strong lens candidates, it is not as confident in
its prediction of the grade B candidates. The predictions of the grade C candidates vary the most for both networks, shown in green.
This is in agreement with the fact that grade C candidates are less likely to be lenses.

Fig. B.1. Distribution of predicted scores by Zoobot1 (left) and Zoobot2 (right) for lens candidates across all grades. Grade A lens candidates are
confidently identified by both networks, shown to the right of the distribution in red at a high value of pLENS. Grade B predicted scores are shown in
blue and are more varied for Zoobot2. The predicted scores for grade C lens candidates have the most variation amongst grades, shown in green,
for both networks illustrating that Zoobot1 and Zoobot2 are not as confident in identifying grade C lens candidates.

Appendix C: False positives

Here, we show the common morphologies frequently occurring as false positives in the classification by all networks in this work.
These morphologies include spiral galaxies, such as edge-on and face-on spirals, and spirals with prominent arms. Also common
are stamps with multiple sources, and stamps with defective pixels that fall near the edges of the Perseus ERO footprint. Figure C.1
shows the false positives found by Zoobot1 with the predicted score, pLENS, shown in red in the top left corner of each subplot.
Figure C.2 shows the false positives found by the 4-layer CNN described in Sect. 3.4, which are common to the false positives
found by Zoobot1, with the respective predicted scores shown in the top left corner of each subplot. Finally, Fig. C.3 shows the
false positives found by U-Denselens, described in Sect. 3.5, showing agreement in common morphologies that are misclassified
as lenses to the other two networks shown here.
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Fig. C.1. Example of 25 out of 547 false positives (NFP in Table 1) found by Zoobot1 in the common test set. Each panel contains the predicted
score, pLENS, for each false positive, along with the true class (with False belonging to class ‘non-lens’). Each IE-band image is 10′′ × 10′′.
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Fig. C.2. Example of 25 out of the 3068 false positives (NFP in Table 1) found by the 4-layer CNN with pTHRESH ≥ 0.7 in the common test set. Each
panel contains the ID of the source and its corresponding predicted score, pLENS, for each false positive. There is a small fraction of stamps that fall
near the borders of the Perseus footprint or with defective pixels. Each IE-band image is 10′′ × 10′′.
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ID = 68443

P: 0.27 | IC: 126 | ns: 83

ID = 129736

P: 0.76 | IC: 71 | ns: 265

ID = 206642

P: 0.2 | IC: 86 | ns: 441

ID = 52738

P: 0.35 | IC: 69 | ns: 11

ID = 109927

P: 0.94 | IC: 49 | ns: 21

ID = 214829

P: 0.88 | IC: 102 | ns: 0

ID = 149339

P: 0.28 | IC: 33 | ns: 8

ID = 67614

P: 0.67 | IC: 155 | ns: 129

ID = 207597

P: 0.49 | IC: 87 | ns: 25

ID = 170042

P: 0.6 | IC: 73 | ns: 132

ID = 83527

P: 0.29 | IC: 137 | ns: 29

ID = 19448

P: 0.62 | IC: 153 | ns: 219

ID = 71440

P: 0.7 | IC: 76 | ns: 126

ID = 174024

P: 0.6 | IC: 83 | ns: 60

ID = 108627

P: 0.7 | IC: 84 | ns: 164

ID = 92978

P: 0.3 | IC: 97 | ns: 0

ID = 169518

P: 0.58 | IC: 58 | ns: 13

ID = 7215

P: 0.44 | IC: 90 | ns: 298

ID = 204515

P: 0.41 | IC: 92 | ns: 0

ID = 28553

P: 0.21 | IC: 202 | ns: 379

ID = 139490

P: 0.18 | IC: 219 | ns: 11

ID = 67792

P: 0.32 | IC: 91 | ns: 2

ID = 178302

P: 0.66 | IC: 114 | ns: 0

ID = 101588

P: 0.28 | IC: 50 | ns: 19

ID = 8564

P: 0.71 | IC: 202 | ns: 68

Fig. C.3. Example of 25 out of the 331 false positives (NFP in Table 1) found by the U-Denselens with the selection criteria in the common test
set. Each panel contains the predicted score, pLENS, for each false positive along with the IC and ns. The ID of each source in shown in red in the
bottom right. Frequently occurring morphologies are in agreement with other networks used in this work. Each IE-band image is 10′′ × 10′′.
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