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ABSTRACT

We present an end-to-end, iterative pipeline for efficient identification of strong galaxy-galaxy lensing systems, applied to the Euclid Q1 imaging
data. Starting from the VIS catalogues, we rejected point sources, applied a magnitude cut (/z < 24) on the deflectors, and ran a pixel-level
artefact-and-noise filter to build 96 X 96 pixel cutouts. The VIS+NISP colour composites were constructed with a VIS-anchored luminance scheme
that preserves VIS morphology and NISP colour contrast. A VIS-only seed classifier supplies clear positives and typical impostors, which we used
to curate a morphology-balanced negative set and augment scarce positives. Among the six compact convoluntional neural networks (CNNs) that
had been studied initially, the modified VGG16 (GlobalAveragePooling + 256/128 dense layers with the last nine layers trainable) exhibited the
best performance. In our run, the training set grew from 27 seed lenses (augmented 67x to 1809) plus 2000 negatives to a colour dataset of 30 686
images. After three rounds of iterative fine-tuning, a human grading of the top 4000 candidates ranked by the final model yielded 441 Grade A/B
candidate lensing systems, including 311 overlapping with the existing Q1 strong-lens catalogue, and 130 additional A/B candidates (9 As and
121 Bs) not previously reported. Independently, the model recovered 740 out of 905 (81.8%) candidate Q1 lenses within its top 20 000 predictions,
considering off-centred samples. Candidates span Iz ~ 17-24 AB mag (median 21.3 AB mag) and are redder in Yy — Hg than the parent population,
consistent with massive early-type deflectors. Each training iteration required about a week for a small team and the approach can easily be scaled
to future wide-area Euclid releases. Subsequent works will be focussed on calibrating the selection function via lens injection, extending recall
through uncertainty-aware active learning, and exploring multi-scale or attention-based neural networks with fast post hoc vetters that incorporate

lens models into the classification.

Key words. Gravitational lensing: strong — Techniques: image processing — Methods: data analysis — Surveys

1. Introduction

The phenomenon of strong gravitational lensing, predicted by
Einstein’s theory of general relativity, occurs when the gravi-
tational potential of a massive foreground astronomical object,
such as a galaxy or galaxy cluster, deflects and magnifies light
from a background source. This deflection can lead to the forma-
tion of multiple, distorted images or (in cases of a precise align-
ment) characteristic structures such as Einstein rings. The obser-
vational properties of strong lensing systems enable wide astro-
physical and cosmological applications. Given a relative align-
ment, the lensing features of the background depend entirely on
the gravitational potential of the foreground, making it a useful
probe of luminous and dark masses within the foreground (e.g.
Koopmans et al. 2009; Treu 2010; Vegetti et al. 2024).

The lensed images are sensitive to small perturbations in
the lensing potential, making it useful for probing dark matter
substructures in the foreground (e.g. Dalal & Kochanek 2002;
Koopmans 2005; Keeton & Moustakas 2009; Vegetti et al. 2010;
Vegetti et al. 2014; Hezaveh et al. 2016; Gannon et al. 2025).
The determination of the total foreground mass from lensing in
combination with stellar mass analysis from photometry yields
valuable constraints on the initial mass function (IMF) of galax-
ies outside the Local Group (e.g. Treu et al. 2010; Sonnenfeld
et al. 2013; Sonnenfeld et al. 2015). Since multiple image copies
of the same lensed background traverse different paths to Earth,
there is often a time delay between different images. This dif-
ference is measurable if the background source is time variable
and can be used to measure cosmological parameters such as
the Hubble constant, Hy (e.g. Wong et al. 2020; Rodney et al.
2021). Statistics characterising a large population of lensing sys-
tems can be used to constrain cosmological evolution and galaxy
mass structures (e.g. Cen et al. 1994; Chae 2003; Sonnenfeld &
Cautun 2021; Sonnenfeld 2021), along with well-defined selec-
tion criteria can further strengthen these constraints (Sonnenfeld
2022). Strong lensing can also be used to aid the observation of
very high-redshift galaxies as it significantly magnifies and am-
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plifies the light from the background source (e.g. Chirivi et al.
2020; Fudamoto et al. 2025). For all of its scientific value, the
discovery of a greater number of strong lensing systems is highly
desirable.

The Euclid Mission (Euclid Collaboration: Mellier et al.
2025), developed by the European Space Agency with contribu-
tions from NASA, is projected to survey most of the extragalac-
tic sky and poised to observe billions of galaxies (Euclid Collab-
oration: Scaramella et al. 2022) with the space-based telescope.
Initial estimates from simulations suggest that ~ 170 000 strong
lenses should be observed in the Euclid dataset (Collett 2015).
Extrapolations from strong lenses identified in the preliminary
results also show broadly consistent expectations (Acevedo Bar-
roso et al. 2025; Euclid Collaboration: Walmsley et al. 2025).
Although visual inspections have historically been utilised for
finding lensing systems (e.g. Jackson 2008; Faure et al. 2008), it
is infeasible for a survey of Euclid’s scale. Consequently, the
development of efficient and reliable automated detection al-
gorithms is imperative to systematically identify and catalogue
strong lensing systems, thereby maximising the scientific return
of the Euclid survey.

The detection of strong lenses in large-scale astronomical
surveys presents several inherent challenges. Statistically, strong
lensing events are exceptionally rare, occurring approximately
once per 0(10*) observed galaxies; nevertheless, Euclid is pro-
jected to observe a larger sample of lenses than any previous sur-
veys (see figure 1 in Euclid Collaboration: Walmsley et al. 2025).
Furthermore, lensing features exhibit considerable morphologi-
cal diversity and are frequently confused with other astrophysi-
cal objects, such as interacting and ring galaxies. Consequently,
it is essential to deploy classification algorithms with high pre-
cision and recall to minimise false positives while ensuring high
completeness of the true lens sample.

Previous strong lensing surveys and associated detection ef-
forts have employed a range of techniques. The initial discov-
eries were often serendipitous. Subsequent systematic searches,
such as the Cosmic Lens All-Sky Survey (Myers et al. 2003) and
the Sloan Lens ACS Survey (Bolton et al. 2006), utilised tar-
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geted observational strategies combined with visual inspection
or semi-automated algorithms based on predefined morphologi-
cal or photometric criteria. Although these surveys yielded sig-
nificant discoveries, their methodologies possess inherent limi-
tations with respect to scalability and potential selection biases.
More recent wide-field surveys, including the Kilo-Degree Sur-
vey (de Jong et al. 2013), the Dark Energy Survey (Dark Energy
Survey Collaboration et al. 2016), and the Hyper Suprime-Cam
SSP Survey (Aihara et al. 2018), have further underscored the
need for advanced automated detection techniques commensu-
rate with increasing data volumes.

The application of machine learning techniques in astron-
omy has seen considerable growth, offering powerful tools for
data analysis and interpretation. Specifically, deep learning ar-
chitectures, such as convolutional neural networks (CNNs; Le-
Cun & Bengio 1995), have proven effective in tasks involving
image classification from astronomical datasets (Carleo et al.
2019), such as morphological classification of SDSS galaxies
(Zhu et al. 2019). Several studies have successfully deployed
CNNs for the identification of strong lens candidates in obser-
vational survey data, frequently achieving performance metrics
that surpass those of traditional algorithms in terms of accuracy
and computational efficiency (Petrillo et al. 2017; Jacobs et al.
2017; Pourrahmani et al. 2018; Jacobs et al. 2019; Cheng et al.
2020; Li et al. 2020; Huang et al. 2021; Storfer et al. 2024).

Recently, a great deal of effort has been made to find strong
lenses in the new Euclid data releases. Initial experiments were
conducted on the Euclid ERO data to yield a preliminary val-
idation of the lens finding pipelines (Pearce-Casey et al. 2025;
Acevedo Barroso et al. 2025; Nagam et al. 2025). A much larger
search was then conducted on the basis of the Euclid Q1 data, no-
tably by the strong lens discovery engine (SLDE) series. SLDE
A (Euclid Collaboration: Walmsley et al. 2025) encompasses
an overview of SLDE research in Euclid Q1. SLDE B (Eu-
clid Collaboration: Rojas et al. 2025) reported early discoveries
based on spectroscopically confirmed high-velocity-dispersion
galaxies, forming training samples for machine learning mod-
els in SLDE C (Euclid Collaboration: Lines et al. 2025b), which
also evaluates their performance using real Euclid imaging data.
SLDE D (Euclid Collaboration: Li et al. 2025) focuses on the
double source plane lenses identified in Q1 and provides pre-
liminary modelling for a forecast of cosmological parameters.
SLDE E (Euclid Collaboration: Holloway et al. 2025) introduced
a Bayesian ensemble approach that combines multiple lens clas-
sifiers to further optimise lens discovery in the DR1 discovery
engine. SLDE F (Ecker et al. in prep.) presented additional bright
and low redshift lens samples found in Q1 by looking into the
Gaia cross-matched sources previously excluded in SLDE. In
addition to CNN-based pipelines, vision transformers have been
explored for strong lens detection, motivated by their capacity to
model long-range spatial correlations (Vincken et al. in prep.),
although their relative advantages over CNNs for Euclid data are
not yet firmly established.

These prior investigations provide a robust foundation and
compelling evidence for the utility of deep learning in the do-
main of strong lens detection. This paper aims to extend these
efforts by developing and evaluating a CNN-based methodology
specifically optimised for the characteristics of the Euclid survey
data, addressing the critical need for high-fidelity lens identifica-
tion in the era of large-scale astronomical surveys.

This paper is organised as follows. Section 2 gives an
overview of the Euclid Q1 dataset, then describes our expecta-
tions and the way this work is meant to complement existing lens
search efforts on the Q1 dataset. Section 3 presents the frame-

work of the automated strong-lens detection pipeline. We then
detail the specific data generation procedure to procure the full
dataset used for training and inference. These include: catalogue
based pre-filtering, cutout generation and subsequent enhance-
ments, pixel-level artefact and noise cleaning, balanced hard-
negative curation, colour-set data composition, and the iterative
fine-tuning of compact CNN approaches, with an emphasis on
the modified VGG16 model that is our primary classifier. It ends
with an explanation of the procedure applied for visual grad-
ing of the top-ranked candidates. Section 4 reports performance
and validation: recovery of lenses from the Q1 imaging data and
basic photometric trends of the discovered systems. Section 5
discusses the strengths and limitations of this approach, along
with the selection bias of the detection pipeline, comparisons
with simulation-heavy approaches, and scalability to future Eu-
clid releases. We conclude with a brief summary and outlook in
Sect. 6.

2. Euclid imaging data
2.1. Overview of Euclid VIS and NISP instruments

The Euclid Mission (Euclid Collaboration: Mellier et al. 2025)
is equipped with two instruments for measuring electromagnetic
radiation: the Visible Imager (VIS; Euclid Collaboration: Crop-
per et al. 2025) and the Near-Infrared Spectrometer and Pho-
tometer (NISP; Euclid Collaboration: Jahnke et al. 2025). When
used together, these instruments deliver high-quality imaging
data in the visible and near-infrared bands.

Of the two, the VIS instrument is optimally suited for resolv-
ing the morphology of astronomical sources due to its superior
angular resolution. It observes in a single wide passband, ap-
proximately corresponding to the combined r + i + z filters, and
covers wavelength from 550 nm to 900 nm. The VIS focal plane
comprises 36 charge-coupled devices (CCDs), each 4132 %4096
pixels (= 16 megapixels per CCD), yielding an aggregate image
size of approximately 609 megapixels. With a pixel scale of 0”1,
the total field of view of VIS is approximately 0.54 deg?. Its com-
bination of wide field, broadband filter, and long exposure time
confers high sensitivity to faint sources across a broad spectral
range, achieving a signal-to-noise ratio of S/N > 10 for sources
with I; < 24.5 (Euclid Collaboration: Cropper et al. 2025). In
this work, all magnitudes are in AB.

Conversely, the NISP instrument is designed to provide de-
tailed spectroscopic and photometric data. It images in three
separate bands, Y;, Ji, and Hy, collectively spanning the 950—
2020nm range (Euclid Collaboration: Schirmer et al. 2022).
NISP employs 16 detectors, each with 2040 x 2040 pixels (ap-
proximately 4.16 megapixels). With a field of view comparable
to VIS at 0.57 deg?, NISP offers about one-third the angular res-
olution, corresponding to a pixel scale of 0”/3. It is also less sen-
sitive than VIS, detecting I; < 24.5 sources at a S/N > 5 in each
band (Euclid Collaboration: Jahnke et al. 2025).

2.2. Characteristics of Q1 release imaging data

The full Euclid survey aims to observe approximately one-third
of the celestial sphere using the VIS and NISP instruments over
its eight-year mission duration. This work utilises a small por-
tion of the full survey: the Quick Release 1 (Q1) dataset (Euclid
Quick Release Q1 2025). Q1 comprises data from three deep sur-
vey fields (Euclid Collaboration: Aussel et al. 2025), covering a
total area of 63.2 deg?, which represents approximately 0.45% of
the mission’s total planned sky coverage of 14 000 deg”. Based
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on QI dataset, a broad range of scientific investigations were
conducted in anticipation of the future data releases covering
wider areas on the sky (e.g. Euclid Collaboration: Enia et al.
2024; Euclid Collaboration: Corcho-Caballero et al. 2025; Eu-
clid Collaboration: Holloway et al. 2025).

2.3. Expected data volume and lens distribution

The survey fields for Euclid were selected to minimise contami-
nation from Galactic stars and dust, thereby maximising the de-
tection depth for extragalactic sources. As the most sensitive and
accurate wide-field cosmological survey to date, Euclid is ex-
pected to detect roughly 6 billion galaxies (Euclid Collaboration:
Mellier et al. 2025). According to the estimates of Collett (2015),
this dataset is projected to include up to 170000 strong gravita-
tional lensing events. Scaling this estimate to the Q1 dataset sug-
gests that ~ 760 strong lenses may be present, of which ~ 670
are expected after applying the [; < 24 magnitude cut. Given that
Q1 contains approximately 30 million sources (Euclid Collabo-
ration: Aussel et al. 2025), the data volume renders manual iden-
tification impractical. Prior studies such as SLDE A employed a
combination of citizen science, simulations, ML models, mod-
elling, and expert inspection to identify lenses in QI, yielding
a catalogue of 500 expert-validated grade A/B lens candidates
(Euclid Collaboration: Walmsley et al. 2025). SLDE C demon-
strated the efficacy of automated methods for lens discovery in
Euclid data, where the best performing model, Zoobot, detected
163 grade A/B lenses in its top 1000 ranked objects. The other
four models used in SLDE C were trained on a combination of
mostly simulated lenses and real lenses.

This work builds upon and complements previous works for
three reasons. The GATA_CROSSMATCH filter used to remove stars
in SLDE A was later found by SLDE F to filter out galaxies, in-
cluding numerous obvious gravitational lenses associated with
mostly low-redshift, bright galaxies. Our study does not apply
GATA_CROSSMATCH for object filtering, ensuring that all possible
lenses are kept. Secondly, SLDE A searched down to a magni-
tude of [, < 22.5, which can potentially discard ~27% of fore-
ground lensing galaxies with I; > 22.5 per the forecast of Collett
(2015). In this work, we extended the search to I; < 24.0, the-
oretically reducing the percentage of lens discarded to ~13%.
Throughout this paper, magnitudes are expressed in the AB sys-
tem unless explicitly stated otherwise. Finally, we implement a
very different model-building approach compared with SLDE C
where the strongest model Zoobot was trained from a general-
purpose galaxy classification model using a transfer learning ap-
proach. In this work, we fine-tuned a CNN model from scratch
with an iterative pipeline (Sect. 3.1).

One notable advantage of our approach lies in the construc-
tion of a fully independent pipeline, developed and executed
from start to finish. This independence enhances confidence that
the final combined catalogue — integrating results from multiple
lens searches — is more comprehensive and less prone to sys-
tematic biases inherent to any single method. Such robustness is
especially important for Q1, as it represents the first Euclid lens
search and will form the foundation for subsequent catalogues
and analyses.

3. Iterative fine-tuning pipeline
3.1. Pipeline architecture overview

An iterative, human-in-the-loop classification pipeline based on
deep-learning methods is employed for efficient strong-lens de-
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tection. The aim is to perform binary classification of galaxy
cutouts into ‘lens’ and ‘non-lens’ using the model progressively
refined by the pipeline. At its core is a CNN, widely recognised
for extracting complex, hierarchical features from images and,
thus, well suited to identifying the morphological signatures of
gravitational lensing, such as arcs and Einstein rings.

For training, real Euclid imaging data are preferable to simu-
lated images, ensuring the model learns features consistent with
the observational characteristics of future data. While negative
examples (i.e. non-lenses) are plentiful, the positive class (con-
firmed lens candidates) is intrinsically sparse and costly to as-
semble, owing to the rarity of lensing events and the need for
expert annotation. A common approach in the literature is to
rely on simulated lens images (Delchambre et al. 2019; Eu-
clid Collaboration: Walmsley et al. 2025; Metcalf et al. 2019;
Schuldt et al. 2022; Thuruthipilly et al. 2022; Sheng et al. 2022).
However, such simulations risk visual divergence from genuine
Euclid data and can impair model generalisability — as demon-
strated by Pearce-Casey et al. (2025), where models trained on
simulations achieved high accuracy yet performed poorly on real
Euclid observations. It is demonstrated in Euclid Collaboration:
Lines et al. (2025a) that, by using real Euclid lens images and
non-lens samples as a training set, the number of expected lenses
improved 25-30%, in which 20% came from the use of real data
compared to simulated methods.

To enhance model performance, we adopt an agile, iterative
training procedure that uses simulated images only at the outset.
First, a model pre-trained on simulated lenses assigns lensing
probabilities to real objects in the Q1 dataset. From the highest-
probability cases, experts select confident lens candidates (true
positives) to assemble a positive training set of real strong lenses.
Objects misidentified as lenses (false positives) and those classi-
fied as ‘non-lens’ inform the construction of the negative train-
ing set. This initial, all-real training set is then used to fine-tune
a chosen CNN architecture end-to-end. Thereafter, the training
set is updated iteratively from the model outputs and used to
fine-tune the model in the next round. Here, fine-tuning denotes
tuning selected layers of the network on progressively refined
datasets so that it adapts to the nuances of real Euclid data. Since
fine-tuning is one form of training, when the term training is used
in this paper (e.g. as in the ‘training dataset’) it still should re-
fer to the fine-tuning process where not all layers are allowed
to vary, instead of the narrower definition of training where all
layers can vary.

The pipeline’s dynamic design affords high flexibility in cu-
rating the training data. In each round, newly identified lenses are
added to the positive set, while emerging false positives are in-
corporated into the negative set, which is balanced across differ-
ent negative types (Sect. 3.1.3). Building a comprehensive neg-
ative set is as important as the quality of the positive images,
since it increases the purity of positively classified objects. This
workflow is repeated to convergence, yielding a robust classi-
fier optimised for the identification of strong gravitational-lens
systems (Fig. 1).

The early round seeds were chosen for their morphological
clarity and high signal-to-noise ratio, to provide a clean foun-
dation for iterative CNN training. Although a larger number
of lenses were previously published, the independent seed set
enables detection of strong lenses with morphologies distinct
from prior catalogues, increasing the diversity and complete-
ness of the final candidate list. Moreover, this work demonstrates
the feasibility of expanding the number of strong lenses found
through an iterative approach given limited training samples.
The seed set was expanded through augmentation and regular-
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isation was applied throughout to limit overfitting and shortcut
learning.

fine-tune a CNN
architecture from
scratch

initial training
dataset selected by
pre-trained model

fine-tune the
model with the
updated dataset

top-ranked objects
inspected

both new lenses
found and false
positives added to
training dataset for
update

Repeat until
convergence (i.e. no
new lenses emerging

in top output)

Fig. 1. Schematic representation of the iterative training pipeline. Each
iteration comprises three steps: Step 1: Inspection of the top-ranked can-
didate objects in the model output; Step 2: Update of the training dataset
through the inclusion of newly identified gravitational lens candidates
and false positives; and Step 3: Fine-tuning of the model with the up-
dated dataset. The process is repeated until convergence, i.e. when no
additional lenses are identified among the top-ranked candidates.

Most current studies neither train their models over multi-
ple rounds nor train on fully real Euclid data. Instead, they ap-
ply transfer learning from models trained for broader galaxy-
classification tasks that are not purpose-built for lens identifica-
tion. For example, Zoobot is a Bayesian CNN originally trained
for general galaxy morphology and later adapted for lens detec-
tion by fine-tuning only the final layers, using a mixture of sim-
ulated and real objects in the training set (Euclid Collaboration:
Lines et al. 2025b). The chief advantage of fine-tuning a related
model is speed, motivated by tight time constraints: it can be
faster than fine-tuning a new model across several rounds. How-
ever, we propose that training a dedicated model on Euclid data
from the outset, for the sole purpose of lens-galaxy identifica-
tion, allows all parameters to be fully utilised and optimised for
this single task, improving both accuracy and runtime efficiency.

A well-performing single-channel model previously trained
for lens identification (Li et al. 2023) was used to select Euclid
VIS band images to form the initial training dataset. The details
of the pre-trained model are elaborated in Sect. 3.1.2. Before
running the model on Euclid I;-band images, the Euclid Q1 data
were subject to several necessary processing and cleaning stages,
as outlined and reasoned in Sect. 3.1.1.

3.1.1. Image processing and cleaning

The Q1 data used in this work are composed of 344 MER tile
mosaics and their corresponding catalogues (Euclid Collabora-
tion: Romelli et al. 2025). We applied two filters based on the
catalogue entries. The first, POINT_LIKE_FLAG # 1, excluded
point-like sources, especially stars. The second criterion is I
< 24.0 (converted from FLUX_DETECTION_TOTAL in uly), since
we have found that objects fainter than I, = 24 would not be
likely to yield detectable strong lenses.

In SLDE A, as a reference for comparison, the source selec-
tion included a cut at [y < 22.5, with the 5th percentile corre-
sponding to a SEGMENTATION_AREA of 259 pixels. Additional
criteria include a selection limited to sources with VIS_DET

= 1 (i.e. detected in VIS), exclusion of sources with a Gaia
cross-match identification, and a requirement that sources sat-
isfy MUMAX_MINUS_MAG > —2.6 and MU_MAX > 15.0 —these latter
two criteria remove stars and saturated objects, respectively. Fur-
thermore, a threshold of SPURIOUS_PROB < 0.05 was imposed
to filter out likely artefacts. This filtering resulted in a sample
of 1086556 sources in the earlier study of selecting lenses in
Euclid Q1 imaging data.

Each selected object was cropped into a 96 x 96 pixel cutout,
corresponding to an angular size of 9”76 x 9”76. We chose a
96 X 96 cutout based on both lens morphology and network
downsampling constraints. (Collett 2015) show that essentially
all Euclid-discoverable strong lenses are expected to have Ein-
stein radii 6 < 3”. With the Euclid VIS pixel scale of approxi-
mately 0”1 per pixel, this corresponds to a radius of ~30 pixels,
implying that a cutout must be at least ~60 pixels across to fully
contain the lensed features. We additionally include a margin to
accommodate centring uncertainty, PSF wings, and surrounding
context.

From a modelling perspective, 96 provides a convenient
downsampling path: one factor-of-three reduction (e.g. a single
3 x 3 pooling with stride 3) maps 96 — 32, after which standard
2 x 2 pooling or strided operations cleanly reduce the dimen-
sionality as 32 —» 16 —» 8 — 4 — 2 — 1. This keeps the cutout
large enough to capture lens structure while avoiding the compu-
tational cost of 128 x 128 and the tight framing associated with
64 x 64.

The relaxed filtering used in this study yielded a total of
5461 976 sources with Iz < 24.0, subdivided into 2 594 180 with
I; < 23.0 and 2867 796 with 23.0 < I; < 24.0 (Table 1). In our
filtered cutouts, to enhance visual contrast for inspection, a pixel
value clipping threshold at the 0.5% level was applied to each
image.

Due to relaxed filtering steps, numerous instrumental arte-
facts persisted in our cutouts. These artefacts often mimic lens-
like morphology, leading to a high false-positive rates in CNN
models, as confirmed by preliminary tests. Although the appli-
cation of a SPURIOUS_PROB < 0.05 filter, used in prior studies
such as SLDE A, mitigates this issue partially, many artefacts
remain and end up falsely flagged as candidates (see Fig. 2).

Fig. 2. Examples of randomly selected artefacts (displayed in lg-band
images) not removed by the SPURIOUS_PROB < 0.05 filter. In almost

all cases, these are bright stars with centrally saturated pixels that are
captured by L2 image flags.

To address this issue, we implemented an image-level
artefact-removal algorithm to the VIS band images. Artefacts are
broadly classified into two types: large and small defects. Large-
defect removal is based on a 6 X 6 pixel sliding window with a
stride of 1. If all pixels in the window exhibit identical intensity,
the cutout is discarded. Small-defect removal employs a 2 X 2
pixel detector over the central 10 x 10 pixel region, a frequent
location for compact artefacts.

Article number, page 5 of 31



A&A proofs: manuscript no. output

Table 1. Number of detected sources per magnitude bin after successive
quality filters.

I Point. Point.+Spur.  Point.+Artefact
0-23 2594180 2361825 2170933
23-24 2867796 2025908 1265417

Notes. Column (2) contains sources with POINT_LIKE_FLAG # 1.
Column (3) additionally applies the cut SPURIOUS_PROB < 0.05.
Column (4) further includes the artefact and noise cleaning procedure.

In addition, noisy images were identified as a recurrent
source of misclassification. To mitigate this, a final noise-based
filter assesses the outer region of each image, excluding the cen-
tral sector to preserve bright core features. Images with excessive
background brightness in the outer region are removed.

Small defects

Large defects

Noisy images

Fig. 3. Examples of VIS band images images containing defects made
of large and small pixel areas, and noisy images that are removed by our
artefact removal algorithm.

The complete cleaning pipeline results in a well-vetted
dataset suitable for strong lens identification. The statistics are
outlined in Table 1, where we also compare the cleaning ef-
fect of SPURIOUS_PROB < 0.05 and our artefact cleaner sepa-
rately. The final Euclid Q1 dataset with minimal contamination
includes 2 170933 objects with m < 23.0 and 1265417 objects
with 23.0 < m < 24.0. A total of 3436350 detected sources
were retained.

3.1.2. Pre-trained single-channel model

From the processed Euclid imaging cutouts, we selected an ini-
tial training sample using the pre-trained single-channel CNN
described by Li et al. (2023). This model had been trained on
60000 semi-simulated cutouts to distinguish lenses from non-
lenses using [;-band data. The positive class was constructed by
pairing real galaxies from the Hubble/CANDELS survey (Gro-
gin et al. 2011; Koekemoer et al. 2011) at various redshifts into
foreground-background pairs. A singular isothermal ellipsoid
(SIE) lensing potential was applied to distort the background
galaxy, with its orientation and ellipticity aligned to the fore-
ground light profile and a randomly sampled Einstein radius. The
resulting lensed background was overlaid onto the foreground
cutout to produce realistic strong-lensing configurations at Hub-
ble resolution. These images were then convolved, resampled,
and injected with noise to match Euclid quality. Two CNNs were
trained independently on simulated VIS and NISP images, yield-
ing AUC scores of 0.987 and 0.797, respectively. Owing to its su-
perior performance, the /;-band model was selected to perform
binary classifications on the Q1 VIS cutouts.
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3.1.3. Selection of positive and negative training samples

There are 73 825 I;-band images positively classified (with an
assigned prediction value greater than 0 with the sigmoid fi-
nal layer) as lens candidates by the pre-trained single-channel
model. We took quick observations of the top 10000 candidates
by looking at slices at different cut-offs, and we set 1000 as a
reasonable cut-off for internal expert team inspection. Among
the top 1000 images given the highest lens probability, we ex-
amined and selected true positives and false positives by giving
human ratings. Confidently real lenses as true positives were se-
lected to build the initial positive training set, and false positives
for the negative training set.

In the initial training dataset selection stage of the pipeline,
each object received ten expert votes between lens and non-lens.
Twenty-seven clearly true positives were selected, with a random
subset shown in Fig. 4. The false positives resemble the mor-
phological patterns of lenses, with the resemblance decreasing
at lower assigned probability values. The ~ 70 000 false-positive
images mostly consist of four typical types, with unequal distri-
bution: spiral galaxies, elliptical galaxies, edge-on galaxies, and
diffraction spikes, separately shown in Fig. 5.

EUCL)181607.89+681651.16 EUCLJ032716.77-284919.34 EUCL)180354.66+643421.66 EUCLJ041231.76-W41.87

EUCLJ180923.16+660722.23 EUCLJ035048.59-482422.40

_‘_‘

Fig. 4. Examples of confident strong lens images used for building
the initial Euclid positive training set based out of VIS-only detection
scheme used at Step 1. We augmented these initial detections from 27
candidate lenses to a total of ~ 2000 true positive cases using a combi-
nation of rotation, translation, and colour transformations.

In building the positive training set, the 27 true positives in
I:-band were converted to colour version (Sect. 3.2.1) by merg-
ing with Y;-band and H;-band imaging data. Then, they were
augmented to around 2000 images using the methods outlined in
Sect. 3.2.3.

For building the negative training set, although abundant data
are naturally available, it is essential to limit its size to that of
the positive set in the same round so that the model is not af-
fected by potential bias in the training data. A strongly imbal-
anced ratio (e.g. 1:10 positive-to-negative) would cause the loss
function to be dominated by negative examples, shifting the de-
cision boundary towards predicting the majority class and sup-
pressing recall of true lenses. Moreover, the predicted probabil-
ities would reflect the artificial training prior rather than the as-
trophysical prior, leading to systematic underestimation of lens
likelihoods. It is also crucial to maintain the diversity and bal-
ance of the negative training set to prevent systematic bias and
improve model robustness. In fact, it has been demonstrated by
Canameras et al. (2024) that a balanced negative training dataset
for lens classification tasks leads to better model performance.
Thus, although objects such as spiral arms dominate the false
positives, we would need a balanced negative set for different
types of false positives.
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e E|liptical

= Spiral = Edge-on Diffraction spikes

Fig. 5. Examples of false positives identified from the output of pre-
trained model. These false positives consist of four typical types: el-
liptical galaxies (top row), spiral galaxies (second row), edge-on spiral
galaxies (third row), and images containing diffraction spikes of a bright
star close to a galaxy or another source (bottom row).

Table 2. Components and sizes of the initial Euclid imaging training set
later used to fine-tune models and evaluate their performance.

Initial set ~ Component Size
Positive 27 lens candidates, augmented 67-fold 1809
Negative ~ Balanced sample of: 2000

e spiral-arm galaxies
o elliptical galaxies
e edge-on galaxies
o diffraction spikes

We fine-tuned an EfficientNetB0-based CNN model (Tan &
Le 2020) to help select false positive images. For each category
(spiral arms, elliptical, edge-on galaxies, and diffraction spikes),
we manually selected around 100 samples to build a balanced
training set. The trained EfficientNetBO model achieved a cate-
gorical accuracy of 90%, classifying the ~ 70 000 false positives
into four different groups. This classification does not intend to
accurately identify specific galaxy types; rather, it divides the
false positives into reasonably different groups regarding their
distinct morphologies to build a balanced negative dataset. Next,
500 images were selected from each group, followed by quick
visual confirmation, to build a negative training set of 2000 in
size and these were also converted to colour images. The full
statistics of the initial training set is presented in Table 2.

3.2. Data preparation
3.2.1. Construction of colour datasets

To adapt to applying a three-channel model in the iterative
pipeline and for the purpose of improving model performance
from data quality, we created colour versions for selected Q1
images and all training data. The colour images were generated
by incorporating the H; (~1.5-1.8 pm) and Y; (~0.97-1.07 pm)
bands from the Euclid NISP instrument. To construct colour
composites of the original I; dataset, we produced cutouts at
identical sky positions in the H;; and Y, mosaics using the source
catalogues, and passed these cutouts to an algorithm to combine
them into a single RGB image.

This algorithm comprised two main components: a colour-
combination function and a luminance adjustment function. In
the colour-combination function, each of the H, Y, and I
cutouts were first normalised to the range [0, 1], and then di-
vided by their median pixel values prior to ensured a uniform
black background, which improved visual contrast between the
lens and the source galaxy. In accordance with the ordering of
wavelengths for each of the bands, we composite the processed
H./Y./I; cutouts into the R/G/B channels to form an intermediate
colour cutout.

Due to the inherently lower spatial resolution of the NISP
data compared to I;, we applied an additional luminance cor-
rection step to project the morphological features of the I; image
onto the final colour image. A similar approach was also adopted
in the work of Euclid Collaboration: Bergamini et al. (2025).
Specifically, we extracted the luminance image of the interme-
diate colour cutout using the ITU-R Recommendation BT.709
standard', computed per pixel as L = 0.2126R + 0.7152G +
0.0722 B. We then divided the I; image by this extracted lumi-
nance image and multiplied the resulting pixel-wise normalisa-
tion factor to the intermediate colour cutout. This procedure ad-
justed the contrast of the colour image to match that of the higher
resolution /; data, yielding the final set of colour cutouts, stored
as 96 x 96 pixel TIFF images with float32 precision.

3.2.2. Colour image cleaning

Following the creation of these colour version images, certain
artefacts became apparent, particularly objects not covered by
the corresponding H; or Y; bands. To maintain a consistent stan-
dard of data quality, we excluded all images lacking the complete
set of three bands from the dataset. Up to this stage of filtering,
we have retained 3 423 516 objects from the Q1 data, cleaned, in
colour versions.

3.2.3. Colour image augmentation

In the data preparation stage of the first round of the iterative
process, we applied image augmentation to the 27 true positives.
We also applied augmentation to the increasing number of true
positives in each subsequent round. This is a crucial step in the
early stages of development, when true positives were exceed-
ingly scarce. The augmentation procedures included horizon-
tal and vertical flipping, affine transformations (e.g. zooming),
and systematic variations in contrast, brightness, and saturation.
Additional augmentations combined these operations, such as
flipping with concurrent contrast and brightness adjustment, or
simultaneous modifications of brightness, saturation, and con-
trast. These augmentations were implemented using imgaug se-
quences (Jung 2018), generating a diverse set of training ex-
amples with parameter variations typically in the range 10% to
20%. Using this protocol, we increased the number of positive
images in each dataset by a factor of 67 (see Table 2). A full
scheme of augmentations used is outlined in Appendix A for re-
producibility.

3.3. CNN model training and fine-tuning

3.3.1. Selection of pre-trained architectures

To fine-tune a model from scratch, we selected six lightweight
CNN architectures (Table 3) to best match the complexity and

' https://www.itu.int/rec/R-REC-BT.709-6-201506-1
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dimensions of Euclid galaxy images. Each architecture was fine-
tuned with the dataset in Table 2 using its optimal set of frozen
layers, and then used to make predictions on our selected QI
data. Their best performance was evaluated by counting the con-
fident lenses flagged by experts from their top 128 predictions
(as we found few lenses after this number), as summarised in
Table 3. Among the six architectures, the VGG16 architecture
(Simonyan & Zisserman 2015) achieved the best performance,
and was thus selected as the model architecture for subsequent
fine-tuning rounds in the iterative process.

Table 3. Performance of candidate CNN architectures fine-tuned on the
initial training set.

Model name Lenses found Lens fraction

VGG16 (Simonyan & Zisserman 2015) 34 0.27
Xception (Chollet 2017) 27 0.21
ResNet50 (He et al. 2015) 24 0.19
InceptionV3 (Szegedy et al. 2015) 23 0.18
MobileNetV2 (Howard et al. 2017) 8 0.06
EfficientNetBO (Tan & Le 2020) 6 0.05

Notes. ‘Lenses found’ gives the number of expert-graded,
high-confidence strong-lens candidates among the top 128
highest-ranked objects predicted by each model. The ‘lens fraction’ is
the corresponding fraction relative to the 128 inspected candidates.

3.3.2. Fine-tuning strategy (VGG16)

As can be seen from Table 3, there is still much room to increase
the number of lenses found in top-ranked objects for VGG16.
Although some progress has been achieved (34 lenses identified)
with the initial training set, its diversity and volume can be fur-
ther improved. The iterative fine-tuning process is designed to
gradually enhance the performance of the model with a manu-
ally updated Euclid imaging dataset and careful adjustment of
model parameters in each round.

To further increase the fraction of true positives in the
top predictions, we specifically modified the original VGG16
architecture to better adapt to the complexity and dimen-
sions of galaxy images. The original final layers of VGGI16
were replaced with a customised layer set, including a
GlobalAveragePooling2D layer (to reduce spatial dimen-
sions), a 256-unit fully connected layer and a 128-unit fully con-
nected layer (to learn high-level feature representations), and a
sigmoid binary classification layer (which outputs classification
results between 0 and 1). The modified model architecture is vi-
sualised in Fig. 6.

During each fine-tuning iteration, the number of trainable
layers is determined based on both the fraction of lenses among
the highest-ranked candidates and the model’s classification ac-
curacy on a balanced test set. In the stage involving fine-tuning
of the VGG16 architecture from scratch (see the top-right panel
of Fig. 1), the optimal performance is achieved when the last
nine layers are kept trainable. This is done by allowing the pa-
rameters of these layers to be updated while all preceding lay-
ers remain frozen. This iterative fine-tuning process is continued
until a sufficiently large number of strong lens candidates appear
among the top-ranked predictions.
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3.3.3. Evaluation metrics and validation

In conventional supervised learning, model performance is typi-
cally assessed using held-out validation or test sets that contain
labels unseen during training. Such an evaluation is effective
only when the withheld data are sufficiently numerous, repre-
sentative, and disjointed from the training pool. For strong grav-
itational lensing, however, this paradigm is not directly appli-
cable. Euclid Q1 contains very few confirmed strong lenses, and
many of the high-quality systems have been used (iteratively and
without persistent identifiers) to refine the model itself. As a re-
sult, a large, purely independent test set of real Euclid lenses
for a reliable recall measurement is difficult to assemble from
QI alone. In Sect. 4.1.3, we perform an empirical cross-check
against the random inspection sample described in Sect. 8.2 of
Euclid Collaboration: Walmsley et al. (2025), but its non-nested
pre-selection, small lens count, and variance in human classifica-
tion limit its use, so we adopt the recovery fraction relative to the
forecast population of Collett (2015) as our forecast-normalised
yield.

Because of this limitation, classical supervised-learning met-
rics such as accuracy, precision, and recall cannot be reported
in their standard form. Instead, evaluation must reflect the op-
erational context of the Euclid lens-search problem: identify-
ing a small number of genuine lenses within millions of galaxy
cutouts. Rather than relying on artificial balanced test sets,
whose statistical properties do not resemble the Euclid popu-
lation, we can therefore assess performance by examining how
well the model prioritises likely lenses in its ranked candidate
list.

Our primary evaluation metric is thus the recovery of known
or visually confirmed lens candidates within the top-K ranked
candidates, compared to the expected population of ~ 670 strong
lenses in Q1 with I; < 24 (Sect. 2.3). This approach provides a
practical measure of the model’s capability: a method that suc-
cessfully concentrates true lenses towards the top of the ranking
directly reduces the human inspection effort required for scien-
tific follow-up. Moreover, because this lens-search task is funda-
mentally dominated by extreme class imbalance, prioritisation-
based evaluation more accurately captures real-world model be-
haviour than hypothetical accuracy-based metrics.

Another useful metric would be the measure of the contin-
ual improvement of the model throughout training: how success-
ful iterations consistently increase the concentration of lens-like
systems among the highest-ranked candidates. This progressive
enhancement in ranking quality provides strong qualitative and
quantitative evidence that the model learns more effective deci-
sion boundaries over time (elaborated in Sect. 3.3.4), even in the
absence of a clean, fully independent Euclid test set.

3.3.4. Retraining and evaluation

Human vetting was performed in two modes. During the iterative
training, we prioritised speed and use internal expert inspection
of the top-ranked candidates, typically reviewing the top 4000
objects per iteration; this produced a labelled update to the train-
ing set on week timescales. For the final evaluation, we comple-
mented the expert inspection with a larger scale grading cam-
paign using established citizen-science style tooling, in which
each object receives multiple independent votes. This two-stage
design separates rapid iteration (to improve the ranking model)
from broader community-level validation (to quantify grading
consistency and provide higher confidence candidate labels).
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Fig. 6. Architecture of the modified VGG16 convolutional neural network used for lens classification. The original fully connected layers were
replaced with a customised final structure, labelled in purple. This includes a GlobalAveragePooling2D layer to reduce spatial dimensions,
followed by two dense layers with 256 and 128 units to capture high-level features, and a final sigmoid layer for binary classification.

EUCLJ175107.51+653150.67 EUCLJ041142.54-473553.88 EUCLJ041644.14-480733.19
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Fig. 7. Three newly identified (relative to the previous iterative round)
Grade A strong lens candidates from the fine-tuned model in the sec-
ond round that exhibit atypical ‘lemon’ and white colouring compared
to most other lensing systems that show a colour difference between
the foreground lens and the background source. The first system (left)
is NGC 6505, a complete Einstein ring, discussed by O’Riordan et al.
(2025) based on the visual identification of the ring.

In the first iteration, we started by inspecting the top-ranked
objects (Step 1) in Fig. 1. In Step 2, there were 123 strong lens
candidates selected and augmented to 8241 to optimise the pos-
itive training set. Around 900 new false positives were picked
and added to the previous balanced negative training set — this
formed an updated negative training set of approximately 8900
objects.

To further enhance the diversity of the positive training set,
we created 100 hand-drawn lenses using the software Procre-
ate’ (Fig. C.1). The artistic lenses are purely experimental and
are not derived from physical lens models or mass distributions.
They were designed to test classifier sensitivity to extreme or
atypical morphologies as a qualitative diversity regulariser. The
artistic inspiration came from observing the dynamics and traits
of the existing strong lens candidates found so far. Careful vari-
ations were designed to increase data diversity and robustness.
These art lenses were added to the positive training set for fine-
tuning the model. Among the approximately 1000 top-ranked
objects of the fine-tuned model, by manual inspection, there
were 229 strong lens candidates which were augmented and
added to the positive training set. Among the 229 candidates,
three new special lenses (relative to the previous round; Fig. 7)
should be noted. These lenses display traits different from most
other strong lenses, appearing more lemon-coloured and white
based on our colour processing method. Specifically, the first one
in Fig. 7 is NGC 6505, a complete Einstein ring, first identified
by O’Riordan et al. (2025).

2 Procreate®, Savage Interactive Pty Ltd, https://procreate.com

In the second iteration, the three lenses were augmented to
201, with a higher weight in the positive set to help the model
grasp the traits of diverse lenses. There were dot-like objects,
appearing in green with our colour grading method, among the
false positives of the second iteration. We added them to the neg-
ative training set to allow more true positives — we pooled all the
lenses we found up to that point and augmented them, creating a
dataset of 30 686 images, with 15 343 each for positive and neg-
ative images. This dataset was used to produce the final iteration
of the model.

In total, we fine-tuned the model three times, each resulting
in noticeable improvements in performance (see the improving
recall curve in Fig. 8; Sect. 4.1.3 elaborates on how we gener-
ated a list of lenses as ground truth in producing Fig. 8). For all
training iterations, optimisation was performed using the Adam
optimiser (Kingma & Ba 2014) with a learning rate of 5 x 10>,
a batch size of 64, and a total of 15 epochs. During training, the
model retained the final sigmoid activation so that outputs could
be interpreted as probabilities, allowing the binary cross-entropy
loss function to be applied effectively.

3.4. Inference on Q1 dataset
3.4.1. Linear output as raw scores

To evaluate the output of the neural network for predictive pur-
poses, we found it to be more beneficial to remove the final sig-
moid layer and use the raw, unbounded output of the neural net-
work’s last dense layer; we will denote it as the so-called raw
score in the rest of the paper. This is due to the fact that the sig-
moid function compresses all values to a narrow range between
0 and 1, thereby losing granular information about the model’s
confidence for predictions that fall within the region where the
sigmoid function plateaus. This issue is particularly critical in
the context of this paper due to covariate shift, where the statis-
tical properties of the real-world images can differ significantly
from the manually selected training images.

For instance, variations in instrumental signatures or unex-
pected artefacts can cause the distribution of the model’s out-
put scores to drift. When this occurs, the sigmoid function maps
these shifted scores into its saturation regions, making it impos-
sible to distinguish between varying levels of model confidence.
In contrast, the raw output retains the full magnitude of the
model’s conviction and provides a wider distribution of scores.
This makes the raw score a more sensitive input for ranking-
based evaluation and allows for a more nuanced selection of a
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Fig. 8. Three rounds of the iterative model retraining process cross-validated with 905 sources (containing off-centred samples) from this work
and SLDE A/B/F. The left-hand plot denotes the first iteration trained on the initial training dataset selected by the pre-trained model. The blue
curve shows recall, that is, where in the ranked predictions we could find each of the confirmed lens candidates. The green curve denotes the recall
of a perfect classifier, while the orange line denotes a completely random classifier. The red curve denotes the precision of the current model, that
is, how well the model moves non-lenses to lower rankings. Throughout development, we found that the actual recall curve mostly overlaps with

the perfect classifier in the top 100 predicted candidates.

decision threshold to better control the trade-off between preci-
sion and recall.

3.4.2. Human evaluation and original grading results

We selected the top 4000 candidates, without duplicates, ranked
by a raw score, as evaluated from our final model, as lens pres-
ence declines drastically thereafter (Fig. 9). The choice of top
4000 was quantitatively validated using classification results, as
explained in Sect. 4.1.1.

The top 4000 images were visually inspected and graded by
lensing expert volunteers from the Euclid Collaboration. Dur-
ing the classification process, each participant was shown a ran-
domly selected image from the top 4000 and prompted to assign
it to one of the following categories: A+ (lens of individual sci-
entific value), A (confidently a lens), B (probable lens, further in-
formation needed), C (lens-like, other explanations possible), or
X (not a lens). The displayed images were in PNG format due to
the platform’s compatibility. While the model input images were
originally stored as TIFF files with float32 precision, we man-
ually verified that the PNG versions used for classification ex-
hibited no perceptible visual differences from the original TIFF
files. Each image was evaluated by ten independent assessors,
resulting in a total of 40 000 ratings.

For reference, in SLDE A, each candidate object likewise
received ten expert votes and a calibration was performed by
comparing each expert’s average grades with those of their peers
on the same galaxies. If, for instance, an expert tended to assign
systematically higher scores than the consensus (e.g. often giv-
ing candidate lens systems an A when the group average was
B), their grades were adjusted downward to offset this optimism.
However, this calibration method does not apply to this work,
as there were 27 experts participating in the classification of our
4000 objects, each contributing to a different extent, from a ten
classifications to all 4000. It is impractical to find groups with
sufficiently large sample sizes that also received votes from the
same sufficiently large number of experts. For instance, given an
object that received 10 votes from 10 different experts, the grade
of one expert is more optimistic than the grades of the other nine
experts; the calibration method in SLDE A would then consider
that expert as optimistic overall and discount their grade to all
galaxies they classified. However, the conclusion of that expert
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being generally optimistic can only be made when there is a
sufficient set of objects which received votes from those exact
same ten experts for comparison. Due to the vast difference in
the number of classifications contributed by each expert, we ap-
plied a different calibration method in Sect. 3.4.3.

3.4.3. Grade aggregation

Based on the original classification results, on a quick inspection
we found that many strong lenses that also received human rat-
ings in SLDE A underwent a ‘downgrade’ with a mode-first rat-
ing processing method. For instance, if an object received two A,
three B, one C, and four non-lens votes, the mode-first method
would assign a non-lens classification, even though lens-like fea-
tures are present, as indicated by the A/B/C votes. To avoid such
a collective downgrade and to ensure lens candidates remain vis-
ible, we implemented the following post-processing threshold:

Algorithm 1 Grade aggregation threshold rule

if count(A+) is a majority then

2:  classify as grade A+

3: else if count(A+) + count(A) is a majority then
4:  classify as grade A
5

6

7

—_

. else if count(A+) + count(A) + count(B) is a majority then
. classify as grade B
: else if count(A+) + count(A) + count(B) + count(C) is a
majority then
8:  classify as grade C
9: else
10:  classify as ‘not a lens’
11: end if

4. Results
4.1. Lens candidate identifications
4.1.1. Human evaluation results

The visual inspection was conducted within the Galaxy Judges
project on the Zooniverse platform. The results of the processed
ratings are shown in Table 4, which mitigates the downgrade ef-
fect of the mode-first processing method to some extent, as nu-
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Fig. 9. Raw score of the top 4000 cutouts ranked by the model as light
blue bars and the dark blue bars represent the identified A/B lens can-
didates within the 4000 cutouts. Orange line shows the fraction of lens
candidates, computed as the ratio of dark blue over light blue in each
bin. On the lower raw score end, the fraction of lenses declines to less
than 0.05. This justifies the threshold for visual inspections as lenses
beyond top 4000 are too rare for effective human inspections.

merous objects have moved to higher grades. Using the grade
calibration procedure in Algorithm 1, we have further mitigated
the downgrade effect to a large extent.

Table 4. Distribution of post-processed classification outcomes from
Euclid expert ratings for the model’s top 4000 predicted objects.

Processed classification Vote No.  Fraction (%)
Grade X: not a lens 3095 77.4
Grade C: lens-like feature 464 11.6
Grade B: probable lens 314 7.9
Grade A: confidently a lens 111 2.8
Grade A+: lens of science value 16 0.4
Total 4000 100.0

For clarity, lenses graded as A+ have been merged into
Grade A. For further analysis, we will mostly consider grade
A and grade B lens candidates since these candidates represent
the more confident lens detections. The raw score distribution of
these lens candidates are visualised in Fig. 9, which justifies the
selection of only top 4000 ranked cutouts for visual inspections.

4.1.2. Variance in human evaluation results

For lenses recovered in this work and in SLDE A, we concate-
nated our ratings and their ratings to produce a summary of
results in Fig. 10. Among the combined grades, there are 116
lenses that received a downgrade and 136 lenses that received
an upgrade, resulting in a rough balance between grade changes.
However, these discrepancies also indicate an inherent variance
in human ratings, as demonstrated in Rojas et al. (2023). To in-
vestigate possible reasons for such variance, we show examples

of downgrade in Fig. B.1 and upgrade in Fig. B.2 as separate
panels.

We investigated a number of reasons for the differences in
human ratings between this work and the previous study. One
cause of this discrepancy could be in image visualisation and
processing. The use of VIS as the luminance component in the
colour composites may have enhanced the perceived resolution
of lens features. This could contribute to improved human grad-
ing accuracy and CNN performance, and highlights the impor-
tance of image construction methodology in lens identification
pipelines. Additionally, the images in this work were visualised
with percentile clipping, which can cause certain features to be
fainter than that with a non-linear stretching function such as
arcsinh. However, many of the images that dropped from Grade
A to Grade B do not appear to be due to the presence of faint
features (Fig. B.1). Since one image is displayed for each ob-
ject, a panel consisting differently scaled images may influence
the grades received. Moreover, two different groups of people
contributed to the grading process of SLDE A and this work,
sharing different expectations and experience. The large num-
ber of downgraded candidates demonstrates the essential role
in accounting for rating variance when using human labels as
a recognised benchmark for model performance. Recognising
these differences should also help evaluate the true performance
of a machine-learning model and potentially establish more ro-
bust metrics for the comparison of different machine-learning
models.

CA (6, 1.0%) AC (6, 1.0%)
AX (3, 0.5%) ——— /[ ——— AB (12, 2.1%)
BC (29)

New grade

A+/A/B
lenses (130) CB (35)

5.1%
R 6.1% BX (35)
6.1%
Ehrfh CC (50)
15.5%
AA (89) 8.9%
13.1% 9.1%
CX (51)

BA (75) BB (52)

Fig. 10. Pie chart showing distribution of 130 new lenses identified and
lenses previously discovered by SLDE A in the top 4000 predictions.
Each grade is a concatenation of grade in this work and in SLDE A. For
instance, the BA slice indicates that 75 (13.1%) lenses received grade B
in this work but grade A in SLDE A.

4.1.3. Final model (VGG-16) performance

While the development of this model progressed independently
of SLDE A, upon the release of their lens catalogue, we found it
useful to validate our results. As model development progressed,
we observed consistent improvements to both the recovery of
known lenses and to the purity of the highest-ranked predictions
(Fig. 8). The collection of lens samples used for validation is
discussed next.
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Fig. 11. Four new lenses within the flux magnitude thresholds used in
SLDE A but not identified as lens candidates in that work. Objects out-
lined in orange were identified as lenses by previous models in SLDE C
but rejected by citizen scientists in Space Warps, a classification project
hosted on Zooniverse platform. The other two were poorly ranked by
SLDE C machine learning models.

Following the classification procedure described earlier, we
identified a total of 441 Grade A and B lenses among the top
4000 ranked objects. These 441 objects include 302 lenses pre-
viously classified as Grade A/B in SLDE A, and 9 lenses iden-
tified in SLDE F. This results in a total of 130 new lenses not
previously identified in Euclid Q1 data.

To evaluate the final model in a manner suited to the ex-
treme class imbalance of the Euclid lens-search problem, we fo-
cus on how effectively the classifier concentrates genuine lenses
within its highest-ranked predictions. Because Euclid Q1 does
not contain a sufficiently large or independent set of real, un-
used lenses suitable for traditional supervised-learning metrics,
we instead assess performance using a curated reference sample
of 905 high-confidence, expert-graded lens candidates (includ-
ing 130 newly identified lens candidates in this work, the NGC
6505 lens, and 500/3/9 Grade A or B systems from SLDE A/B/F
with associated duplicates and off-centred cutouts). Among the
model’s top 1000 ranked candidates, 427 of these 905 known
lens candidate images appear, meaning nearly half of all high-
confidence lens candidate systems in Q1 lie within the top 0.03%
of the 3.4 million cutouts. This demonstrates the model’s capa-
bility to remove non-lenses, offering substantial reduction in hu-
man inspection effort.

Broadening the threshold illustrates the model’s ability to re-
cover an increasingly large fraction of true lenses while main-
taining meaningful prioritisation. The top 4000 candidates cover
644 known lens images (including duplicates), capturing pro-
gressively more of the 905 lens reference sample. Removing the
duplicates yields 441 distinct candidates in the top 4000 can-
didates, which is 65.8% of the 670 lenses expected for I; <
24. This indicates that the model assigns elevated scores to a
wide range of lens morphologies and continues to retrieve true
systems even at lower confidence ranks. Together with the con-
sistent improvement trends observed across training iterations
(Fig. 8), this concentration-based evaluation shows that the final
model provides a robust, practical, and effective tool for surfac-
ing strong gravitational lenses in large-scale survey data.
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Fig. 12. Distribution of model prediction raw scores for candidates
grouped by human-assigned grade: non-lens, C, B, and A. Each subplot
shows a histogram of prediction values, with red dashed lines indicating
the mean and yellow dotted lines indicating the median for that grade.
As the grade increases, the mean and median of the prediction values
shift towards the right, indicating a higher prediction value. Thus, we
can infer that the prediction value from our model correlates with a
higher grade.

As a cross-check against an externally graded sample, we
matched our candidates to the 40 000 visually inspected random
objects described in section 8.2 of Euclid Collaboration: Walm-
sley et al. (2025), of which 31 received grade B or above. That
sample was drawn under the SLDE A selection and is non-nested
with our parent sample, excluding the fainter and Gaia-matched
regime that contributes many of our new candidates (Sect. 4.1.4).
Of the 40 000, our model surfaces 12 of the 31 grade-B+ objects
within the top 4000 inspected candidates; on re-grading, we as-
sign 7 a grade of B or above and 5 a grade below B, and ad-
ditionally grade 2 objects as B that were placed below B in the
citizen-science pass. These disagreements are consistent with the
variance in human evaluation discussed in Sect. 4.1.2.

As a population-normalised figure of merit, our 441 grade
A/B candidates correspond to 441/670 = 65.8% of the expected
Q1 lens population after the I; < 24 selection. This should not be
interpreted as a calibrated completeness, since the denominator
is a forecast rather than a known truth set. A full completeness
measurement requires a selection-function analysis, for example
through injection and recovery of simulated lenses in real Euclid
backgrounds.

By analysing the model prediction scores and the human-
assigned grades for the top 4000 candidates, we observe a clear
correlation between the predicted probabilities and the human
classifications (Fig. 12). Higher model scores are associated with
a greater likelihood, as determined by experts, that a given ob-
ject is a gravitational lens. This is consistent with the grading
rubric used in the visual inspection process, where higher grades
reflect more prominent and unambiguous lensing features. The
observed correlation suggests that the model has successfully
learnt to identify and rely on visual features similar to those used
by human classifiers to assess lensing confidence — such as the
presence of extended arcs and the geometric alignment between
a foreground deflector and background sources.
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4.1.4. Sample validation

To explain the source of the newly classified 139 grade A/B can-
didates (130 new candidates solely given in this paper and 9
candidates identified in both SLDE F and this paper) relative to
SLDE A, an important factor to consider is the more inclusive fil-
tering criterion applied in pre-selecting sources, which accounts
for 52 new A/B lenses. If the same filtering from SLDE A is
applied to these 52 candidates, 12 are removed by requiring no
Gaia cross-match (which are generally sources with I; < 19),
then 38 are removed by the magnitude cut (I; < 22.5), and fi-
nally SPURIOUS_PROB > (0.05 removed the last 2 candidates. Of
these 12 new lenses collected by relaxing the Gaia cross-match
criterion, 9 were also recovered in the work of SLDE F, which
specifically examined sources previously removed by the Gaia
cross-match filter applied in SLDE A, and found 68 grade A and
B lens candidates relative to SLDE A. Taking SLDE F in con-
sideration, the number of new A/B candidates in this work is
adjusted to 130. The rest of the new candidates not removed by
the filtering criterion (139 — 52 = 87 candidates) is mostly domi-
nated by lower confidence grade B lens candidates, and can be a
result of variance in human classification and the model’s unique
selection function.

An additional discrepancy between this work and SLDE A
concerns the candidates examined in both studies that received
significantly different scores. Specifically, this includes 4 candi-
dates classified as Grade A in this work, where two were poorly
ranked by the models in SLDE C and did not reach the visual
inspection stage, while the other two were visually inspected but
rejected by citizen scientists in Space Warps, a galaxy classifica-
tion project on Zooniverse platform used in SLDE A. These four
lenses are shown in Fig. 11. This divergence may be attributed to
differences in visualisation schemes, where variations in inten-
sity and colour scaling could lead to interpretation discrepancies
or potentially overly optimistic classification.

4.1.5. Analysis of false positives and model robustness

Among the objects incorrectly identified as lenses by the model,
several recurring morphological types emerge; namely, diffrac-
tion spikes, spiral galaxies (particularly barred spirals), isolated
red elliptical galaxies, and galaxies with nearby companions.
In many cases, these false positives can be attributed to struc-
tural similarities with genuine strong lenses. For example, spiral
galaxies often exhibit a bright central bulge and a circular or
ring-like morphology, features that may resemble lensing arcs.
A representative panel of arbitrary false positives is shown in
Fig. 13. Nevertheless, in the majority of cases, the model suc-
cessfully prioritises clearly identifiable lenses over more am-
biguous or misleading candidates.

These findings suggest that the model’s susceptibility to
false positives arises primarily from structural degeneracies,
rather than random misclassification. While certain morpholo-
gies — such as barred spirals or ellipticals with nearby compan-
ions — can mimic lens-like features, the low prevalence of such
cases among top-ranked candidates indicates that the model re-
tains discriminative power even in morphologically ambiguous
regimes. This behaviour reflects a degree of robustness and high-
lights the importance of incorporating domain-specific priors or
multi-band information in future iterations to further suppress
false detections, elaborated in Sect. 5.

Fig. 13. 20 false positives within the top 4000 classifications of the
model. Within these we can see an example with a diffraction spike,
several elliptical and spiral galaxies, with many containing evidence of
recent mergers or an ongoing merger in the form of a tidal stream, as
well as cut-outs containing multiple objects.

4.2. Characteristics of discovered lenses

One of the key distinguishing features of the lens can-
didates analysed is their distribution in [;, inferred from
FLUX_DETECTION_TOTAL. As shown in Fig. 14, the high-
confidence lens candidates within 17 < I, < 24, have a me-
dian of 21.2, a mean of 21.1, and an interquartile range (IQR)
of 20.3-22.0. The minimum and maximum observed values are
17.1 and 23.9, respectively. To further characterise the photomet-
ric properties of the sample, we examined the Y; — H; colour as
a function of I;; for the classified lenses, in comparison with the
full parent population (Fig. 15). We find that lenses consistently
exhibit higher Y;— H;; values, indicating redder colours relative to
the general galaxy population. This trend is consistent with ex-
pectations that lensing galaxies are typically massive early-type
systems. To statistically confirm these findings, we performed
two Kolmogorov—Smirnov (KS) tests on the I; and Y; — H;, dis-
tributions, yielding p-values of 3.5 x 107%* and 8.1 x 10713, re-
spectively. These extremely low p-values strongly reject the null
hypothesis that the lensing galaxies are randomly drawn from
the full galaxy population observed in the imaging data.

5. Discussion
5.1. Strengths and limitations of developmental pipeline

The greatest strength of the model development pipeline we
present in this paper is its efficiency, requiring only limited in-
volvement of human resources as such involvement is a bottle-
neck in large-scale astronomical surveys (Fortson et al. 2011).
During the final two iterations of the model, after the key meth-
ods and functions were fully implemented, each iteration took
approximately one week for two people. Each cycle showed no-
ticeable improvements in model performance (Fig. 8).

This developmental pipeline is well suited to building a
machine-learning model within a reasonable time frame when
staffing for tasks such as image simulation, data processing, or
human labelling is limited. Its efficiency rests on prioritising the
removal of false positives from model outputs, thereby avoid-
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Fig. 14. Histogram of object counts as a function of detection magni-
tude. Top: Full set of inspected candidates with I < 24.0. shown as blue
bars. Middle: Grade A and grade B lens candidates, respectively, shown
as dark and light colour. Background bars are the sum of the two. For
reference, we also show the forecast strong lens magnitude distribution
from Collett (2015) normalised to Euclid Q1 area. Bottom: Ratio of lens
candidates inside the parent population as a function of magnitude.
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Fig. 15. Yz — Hg colour vs. Iz magnitude distribution for model-
discovered lenses and the parent population. Orange triangles represent
the lenses previously found in SLDE A, while green circles represent
lenses not found in SLDE A. The blue contours represent the distribu-
tion of the parent population, with contour lines at 0.5¢0-, o, 1.507, and
20 confidence levels.

ing the need to inspect large numbers of objects by eye. With
each fine-tuning step, the false-positive rate among the top can-
didates falls, so more true positives rise into the review set or
the highest-ranked predictions. Previously identified true posi-
tives remain in this set throughout. In the early stages, false pos-
itives were common and true positives scarce, so the primary
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bottleneck was assembling a robust sample of true positives. By
design, the pipeline allows a small initial set of true positives to
expand rapidly — often within one or two iterations — into a larger
dataset that can be augmented and used to train the final model.

One limitation of our current approach is the potential for
reduced recall in our final model. Due to our emphasis on preci-
sion and efficiency (Fig. 9), as well as the narrower scope of our
human labelling (top 4000 here vs. top 10000 in SLDE A), we
likely miss considerable number of genuine lenses that appear
lower in the rankings. While this deficiency can be mitigated by
inspecting a larger range of candidates, a more fundamental is-
sue arises from the iterative bootstrapping nature of the pipeline.
Because the model learns from the lenses it finds, it risks over-
fitting to the specific characteristics of early detections (e.g. spe-
cific colours or brightness levels) at the expense of diversity. For
instance, we observed that the model consistently assigned lower
scores to lenses with atypical ‘whiter’ colouring. This sensitiv-
ity confirms that our pipeline does not sample the sky uniformly,
but rather has a distinct selection bias that must be characterised
before any physical conclusions can be drawn. Addressing this
issue will require further investigation in future work, for ex-
ample by incorporating a broader variety of lens types, such as
edge-on systems and low-redshift lenses, into the training set to
improve the robustness and diversity of the model.

5.2. Selection function

The population of the lenses detected in this work is a product
of the true lens population and the network’s selection effect as
a function of lensing configurations. Consequently, the distribu-
tion of candidates cannot be directly interpreted as the under-
lying astrophysical population without correction. For example,
comparing our detections to the forecasts of Collett (2015) re-
veals a selection bias that peaked at I; ~ 21.5. Understanding the
selection function is thus crucial for enabling inference on pop-
ulation level (Sonnenfeld 2022). We plan to determine this func-
tion by feeding simulated lenses into our network while keeping
the network parameters frozen. These test images will be syn-
thesised by compositing simulated lensed arcs with real galaxy
cutouts drawn from Q1 data. The lensing configurations will be
drawn from a uniform prior spanning the lens parameter space,
rather than from an astrophysical prior, allowing us to compre-
hensively map the network’s decision boundaries. The resulting
probability map will provide the correction weights necessary to
reconstruct the parent population of strong lenses. Full details of
the selection function and the associated lens modelling pipeline
will be presented in our follow up work.

5.3. Comparison with traditional approaches

A common strategy to address the small number of confirmed
lens candidates is to generate simulated images of lenses to com-
pose the training sets for the model (Metcalf et al. 2019; Schuldt
et al. 2023; Euclid Collaboration: Rojas et al. 2025; Acevedo
Barroso et al. 2026). This is a particularly useful strategy for
projects that rely on early-stage mission data, where there are
few or virtually no images of lenses in the style of the target
data. However, in simulating astronomical data there are many
things to consider to create sufficiently realistic samples, such
as morphological diversity, noise, PSF, and imaging artefacts;
failing to adequately address these factors can significantly limit
model performance (Bottrell et al. 2019; Huppenkothen et al.
2023; Pearce-Casey et al. 2025; Euclid Collaboration: Lines



Euclid Collaboration: X. Xu et al.: Euclid Q1. A scalable CNN-based pipeline for strong gravitational lens identification

etal. 2025b). As aresult, the trained model will be limited by any
differences found in the simulated data and the actual population
of inference. In contrast to traditional methods, our model min-
imised reliance on simulated data and primarily utilised real data
that the model found, which allowed us to focus on model devel-
opment. The drawback of this element of our approach, however,
is that model performance may be capped by the small volume of
data, which would be insufficient to train a maximally accurate
model. Quantitative measurement the selection function of the
model will be necessary to fully characterise this insufficiency.

Additionally, our approach utilised a much faster human-
rating process. Since efficiency was prioritised, we opted not to
use citizen science platforms such as Space Warps and Galaxy
Judges until evaluation of the final model was reached. Instead,
for each iteration, the top 4000 images produced by the model
underwent visual inspection by the authors with priority given
to unambiguous lenses that could be readily identified by their
distinct characteristics (beyond this range, lens-finding again be-
comes difficult for manual inspection as highlighted in Fig. 9).
While this approach significantly reduced the time required to
generate a labelled training set to be typically under one week
per iteration, compared to 2-3 weeks using Galaxy Judges, it
inherently risks the possibility of missing some less distinct
lenses. As a result, the training sets in each iteration may under-
represent less distinct lenses, potentially limiting our model’s
scope of inference. Despite this, we believe that this was an
effective solution for our goals. Our final model was able to
make predictions with an exceptionally high purity in the top
1000 (427/1000 classified as Grade A/B lenses®) and recover
most of the lenses found using more human resource-intensive
approaches such as SLDE A. These results suggest that our
efficiency-focused, iterative approach is a viable solution to fu-
ture lens-finding initiatives, especially when human resources
are relatively limited.

5.4. Implication for future work and Euclid data releases

The iterative model training approach we have presented here
can be easily scaled to meet the demands of large datasets, in-
cluding the upcoming Euclid DR1 data release (Euclid Collabo-
ration: Mellier et al. 2025). Both the model and the developmen-
tal approach could be applied effectively to larger data volumes
without modification. While the time and number of candidates
to sort through would inevitably increase as data increase, this
is also expected to result in a proportionally larger set of lenses
found. For example, assuming one labeller could quickly sort
through 4000 candidates within a week, such that inspection of
tens of thousands by a larger groups such as the Euclid Strong
Lensing Science Working Group is feasible, and over the six
year long planned Euclid mission, the discovery of up to 170 000
lenses (Collett 2015) with this procedure realistic. Thus, the core
advantage of this approach, mainly the efficiency in development
under limited human resources, remains preserved even when
scaled to the full scope of the Euclid Wide Survey.

Finally, it is important to note that although we inspected
only the top 4000 lenses, Fig. 16 indicates that there are likely
significantly more lenses beyond our range of inspection. The
main challenge to address when looking beyond this range is the
diminishing proportion of lenses, which returns to the original
needle-in-a-haystack problem. Future work can be performed to
inspect beyond the current range of the top 4000 rated lenses that

3 Lenses that were classified as Grade A/B by both this work and
SLDE A/BJF, if available.
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Fig. 16. Raw score distribution of all cut-outs and the identified lenses.
The dashed line represents the inspection threshold of the top 4000 raw
scores. All cutouts to the left of the dashed line were not inspected.

were the focus of this paper. Furthermore, as increasing sam-
ples of lenses are gathered from other Euclid lens search out-
comes to train on, the model performance should continue to
improve through the iterative and human-in-the-loop pipeline. In
the meantime, it is crucial to adjust estimates of the proportion
of lenses expected from a sky search such as Euclid taking into
account the model capabilities and identification limitations.

6. Conclusions and future work

In this work, we present an end-to-end, automated pipeline for
discovering strong gravitational lenses in the Euclid Q1 imag-
ing, spanning a total imaging area of 63.1deg? in three deep
fields. Starting from the VIS instrument catalogues, we applied
strict source and artefact vetting, mainly point-source identifi-
cation to remove stars, and magnitude thresholding, as well as
pixel-level, defect, and systematic effects filters. We built 96 x96
pixel VIS+NISP colour cutouts using a VIS-anchored luminance
scheme that preserves VIS morphology, while retaining NISP
colour contrast. Rather than rely on fully simulated training
datasets, we bootstrapped from a VIS-only seed classifier to har-
vest real Euclid positives and to curate a balanced, morphology-
aware negative set that accounts for contamination from spi-
ral arms, unlensed ellipticals, edge-on galaxies, and diffraction
spikes. Among six lightweight CNN models, a modified VGG16
that included GlobalAveragePooling with 256/128 dense lay-
ers and a sigmoid with trainable last nine layers delivered the
best precision at the top of the ranked list. Iterative fine-tuning
grew the training set from 27 seed lenses to a balanced colour
set of ~30.7k images (with 15 343 positive and 15 343 negative,
respectively, with additional hard-negative mining and targeted
diversification for underrepresented morphologies).

Applying the final model to Q1 data, the team arranged vi-
sual inspection of the top 4000 ranked candidates through the
Galaxy Judges project on Zooniverse with exactly 10 indepen-
dent votes per object. This procedure was aimed at repeating
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the same analysis scheme as the one that was used previously
to identify strong lensing systems in Q1 imaging data (Euclid
Collaboration: Walmsley et al. 2025). These rankings resulted
in 441 grade A/B systems, with 302 lenses overlapping with the
previously reported candidates and an additional 130 Grade A/B
candidates uncovered in this work. VGG16 model scores and
human grades are monotonically correlated, with the lens yield
strongly concentrated at the highest scores. Independently, we
found that of the 905 high-confidence lens candidates in this
work and SLDE A, B, F studies in combination and contain-
ing off-centred ones, 740 (81.8%) lie within this model’s top
20000 predictions. Photometrically, recovered lenses span [ =~
17-24 (median 21.2) and exhibit redder Y; — H; colour than the
parent population, consistent with massive early-type deflectors.
Operationally, each training iteration required roughly a week
of effort by a small team, involving manual visual inspection
and model retraining, because the pipeline steadily suppresses
recurrent impostors so that true lenses rise into the top-ranked,
human-reviewed subset.

The main contribution of this work is a practical, scalable
workflow for rapidly adapting a dedicated CNN to Euclid survey
images using iterative self-training on real Q1 cutouts, paired
with a fast expert-vetting loop. This design produces a high-
purity ranking on the target data domain, enables week-timescale
iteration during early releases, and yields new lens candidates
that complement existing Q1 discovery efforts. Confirming these
systems as genuine lensing events remains challenging. The
standard approach relies on spectroscopic observations to deter-
mine the redshifts of both the source and the lens, combined with
detailed lens modelling. However, this method requires substan-
tial observing time at ground-based facilities. Even multi-fibre
spectrographs do not fully alleviate this limitation, because the
lenses are widely distributed on the sky and the intrinsic lensing
rate is low. In the future, Euclid grism data will provide a valu-
able complement, at least for the subset of systems whose lens
or source redshifts lie within the grism sensitivity window.

The work presented here will be expanded in the future to
include (i) a measurement of the survey-realistic selection func-
tion by injecting physically motivated simulated lenses into real
Euclid backgrounds (native PSF, noise, and artefacts) and re-
porting calibrated precision—recall at fixed candidate budgets;
(ii) a possible extension beyond the top 4000 via uncertainty-
aware active learning (e.g. entropy/ensemble disagreement) to
raise recall without inflating human load; (iii) a test with multi-
scale/attention architectures and adding fast post-hoc lens-model
vetters to prune residual impostors; and (vii) adaptation to Rubin
and Roman (Gezari et al. 2022) with minimal additional labels,
accompanied by a harmonised public candidates table (thumb-
nails, scores, and key metadata) for follow-up studies from the
ground and space observatories.

The principal limitations of this pipeline are related to the
completeness for faint or atypical morphologies and sensitivity
to early training seeds and display stretch, as these effects can
bias recall at fixed magnitude depth used for human classifica-
tion. Moreover, our current evaluation is tied to a top-N can-
didate budget and a fully calibrated selection function capturing
the completeness and purity versus lens and source properties re-
mains to be established. Naturally, the selection function is a cru-
cial ingredient in converting this or any other galaxy strong lens
sample for inferences related to either cosmological parameters
through statistics related to lensing or astrophysical properties
of either the foreground lenses or background sources. Despite
these caveats, the approach is immediately scalable to larger Eu-
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clid releases and portable to Rubin and Roman. Furthermore, the
code structure is suitable for public reuse.

Data availability

The full catalogue of classified lens candidates presented in this
work (see Table E.1 for sample entries) is available in electronic
form through the CDS/VizieR service.
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Appendix A: Deterministic data augmentation scheme

We applied a fixed set of 67 deterministic image augmentations implemented using the imgaug library. Each transformation was
applied independently to the training images. The augmentations consist of geometric operations (horizontal and vertical flips,
scaling), photometric adjustments (brightness, contrast, saturation), and combinations thereof.

Appendix A.1: Geometric transformations

— G1: Horizontal flip (Fliplr)

G2: Vertical flip (Flipud)

— G3: Horizontal + vertical flip
— G4: Affine scaling (scale = 1.1)
G5: Affine scaling (scale = 1.2)

Appendix A.2: Contrast adjustments

— C1: LinearContrast 1.2
— C2: LinearContrast 1.1
— C3: LinearContrast 0.9
— C4: LinearContrast 0.8

Appendix A.3: Brightness adjustments

— B1: MultiplyBrightness 1.1
— B2: MultiplyBrightness 0.9

Appendix A.4: Saturation adjustments

— S1: MultiplySaturation 1.1
— S2: MultiplySaturation 0.9

Appendix A.5: Combined transformations

The remaining augmentations consist of deterministic combinations of flips with brightness, contrast, and saturation modifications.

— MLI: Fliplr + LinearContrast 1.2

M2: Flipud + LinearContrast 1.2

— M3: Fliplr + LinearContrast 1.1

— M4: Flipud + LinearContrast 1.1

— MS: Fliplr + Flipud + LinearContrast 1.2

— MBé: Fliplr + Flipud + LinearContrast 1.1

— MT7: Fliplr + MultiplyBrightness 1.1

— MS: Flipud + MultiplyBrightness 0.9

— MO9: Fliplr + Flipud + MultiplyBrightness 0.9

— MIO: Fliplr + Flipud + MultiplyBrightness 1.1

— M11: Fliplr + MultiplyBrightness 1.1 + LinearContrast 1.1

— MI12: Flipud + MultiplyBrightness 0.9 + LinearContrast 1.1

— M13: Fliplr + Flipud + MultiplyBrightness 0.9 + LinearContrast 1.1
— MI14: Fliplr + Flipud + MultiplyBrightness 1.1 + LinearContrast 1.1
— MIS5: Fliplr + MultiplyBrightness 1.1 + LinearContrast 1.2

— M16: Flipud + MultiplyBrightness 0.9 + LinearContrast 1.2

— MI7: Fliplr + Flipud + MultiplyBrightness 0.9 + LinearContrast 1.2
— MI8: Fliplr + Flipud + MultiplyBrightness 1.1 + LinearContrast 1.2
— M19: Fliplr + MultiplyBrightness 1.1 + LinearContrast 0.8

— M20: Flipud + MultiplyBrightness 0.9 + LinearContrast 0.8

— M21: Fliplr + Flipud + MultiplyBrightness 0.9 + LinearContrast 0.8
— M22: Fliplr + Flipud + MultiplyBrightness 1.1 + LinearContrast 0.8
— M23: Fliplr + MultiplyBrightness 1.1 + LinearContrast 0.9

— M24: Flipud + MultiplyBrightness 0.9 + LinearContrast 0.9

— M2S5: Fliplr + Flipud + MultiplyBrightness 0.9 + LinearContrast 0.9
— M26: Fliplr + Flipud + MultiplyBrightness 1.1 + LinearContrast 0.9
— M27: Fliplr + MultiplySaturation 1.1

— M28: Flipud + MultiplySaturation 0.9

— M29: Fliplr + Flipud + MultiplySaturation 0.9

— M30: Fliplr + Flipud + MultiplySaturation 1.1
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— M31: Fliplr + MultiplySaturation 1.1 + MultiplyBrightness 1.1

— M32: Flipud + MultiplySaturation 0.9 + MultiplyBrightness 1.1

— M33: Fliplr + Flipud + MultiplySaturation 0.9 + MultiplyBrightness 1.1
— M34: Fliplr + Flipud + MultiplySaturation 1.1 + MultiplyBrightness 1.1
— M35: Fliplr + MultiplySaturation 1.1 + MultiplyBrightness 0.9

— M36: Flipud + MultiplySaturation 0.9 + MultiplyBrightness 0.9

— M37: Fliplr + Flipud + MultiplySaturation 0.9 + MultiplyBrightness 0.9
— M38: Fliplr + Flipud + MultiplyBrightness 1.1 + LinearContrast 0.9

— M39: Fliplr + MultiplySaturation 1.1 + LinearContrast 1.1

— M40: Flipud + MultiplySaturation 0.9 + LinearContrast 1.1

— M41: Fliplr + Flipud + MultiplySaturation 0.9 + LinearContrast 1.1

— M42: Fliplr + Flipud + MultiplySaturation 1.1 + LinearContrast 1.1

— Ma43: Fliplr + MultiplySaturation 1.1 + LinearContrast 1.2

— M44: Flipud + MultiplySaturation 0.9 + LinearContrast 1.2

— MA4S5: Fliplr + Flipud + MultiplySaturation 0.9 + LinearContrast 1.2

— Ma46: Fliplr + Flipud + MultiplySaturation 1.1 + LinearContrast 1.2

— MA47: Fliplr + MultiplySaturation 1.1 + LinearContrast 0.8

— M48: Flipud + MultiplySaturation 0.9 + LinearContrast 0.8

— M49: Fliplr + Flipud + MultiplySaturation 0.9 + LinearContrast 0.8

— M50: Fliplr + Flipud + MultiplySaturation 1.1 + LinearContrast 0.8

— MS51: Fliplr + MultiplySaturation 1.1 + LinearContrast 0.9

— MS52: Flipud + MultiplySaturation 0.9 + LinearContrast 0.9

— MS53: Fliplr + Flipud + MultiplySaturation 0.9 + LinearContrast 0.9

— M54: Fliplr + Flipud + MultiplySaturation 1.1 + LinearContrast 0.9

Appendix B: Images with grading discrepancy
In Fig. B.1 we highlight the strong lens candidates that differed in rating from Euclid Collaboration: Walmsley et al. (2025).

Appendix C: 100 hand-drawn positive training set

In Fig. C.1 we highlight the 100 experimental hand-drawn lens simulations used to enhance the diversity of the positive training
dataset in the second round of the iterative training process.

Appendix D: Plots for all classified A/B lenses within the top 4000 predictions

InFigs. D.1,D.2,D.3,D.4, and D.5 we show all 367 strong lens candidates that were classified as grade A/B lenses. Newly identified
lenses are marked with green outlines. The other lenses, which were previously identified, are selected from having union grades
between AA, AB, BA, and BB. For each union grade, it consists of grade received in this work and grade given in previous research.
Note that in text we refer to a total A/B lens candidate sample of 441. The 441 includes 74 additional candidates that received AC,
BC, AX, and BX union grades. These candidates are shown in Fig. B.1.
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Fig. B.1. Centred lens candidates that received lower grades in this work compared with SLDE A. Panel (a): Objects that received Grade A in
SLDE A but were graded as Grade B in this work. Panel (b): Objects that received Grade B in SLDE A but were graded as Grade C in this work.
Panel (c): Objects that received Grade A in SLDE A but were graded as Grade C in this work.
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Fig. B.2. Centred lens candidates that received higher grades in this work compared with SLDE A. Panel (a): Objects that received Grade A in this
work but were graded as Grade B in SLDE A. Panel (b): Objects that received Grade B in this work but were graded as C in SLDE A. Panel (c):
Objects that received Grade A in this work but were graded as C in SLDE A.
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~
.

Fig. C.1. 100 experimental hand-drawn lens simulations used to enhance the diversity of the positive training dataset in the second round of
the iterative training process. These images were created using Procreate and were based on visual features commonly exhibited among found
lenses. These features include the red—orange colour of the lensing galaxy, purple colour of the background galaxy, various observed lensing
configurations, etc.
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Fig. D.1. 367 classified grade A/B lens candidates (1-80). New lens candidates not included in SLDE A (Euclid Collaboration: Walmsley et al.

2025) are outlined in green. Images displayed are slightly enhanced with an ar

nh function; however, this function was only applied for display

— the model itself was applied to linearly stretched images in training and inference.
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Fig. D.4. Continued: 367 classified grade A/B lens candidates (241-320).
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Fig. D.5. Continued: 367 classified grade A/B lens candidates (321-367).
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Appendix E: Master table displaying RA, Dec, I, Yy, Ji, and H; magnitudes, raw prediction output from model, and citations

In Table E.1, ranked by raw scores, we tabulate the coordinates, Euclid magnitudes, classification grades, and modelled raw scores of grade A and B lens candidates.

Table E.1. Example entries of the master table of classified lenses depicted in D.

OBJ NAME RA Dec I Ye Je Hy GRADE RAW SCORE NOTES

) &) 3 “ &) (©) 0] ®) ® 10)
EUCLJ041231.76-475941.87 63.132342 —-47.994963 21.82 2094 20.55 20.11 AA 115.37 Previously found in L25,W25
EUCLJ040823.49-500956.30 62.097882 -50.165639 21.19 20.57 20.20 19.71 AA 65.73 Previously found in L25,W25
EUCLJ035048.59-482422.40 57.702479 -48.406222 2040 1996 19.55 19.10 AA 56.83 Previously found in L25,W25
EUCLIJ040134.03-503540.96 60.391806 -50.594710 23.03 21.79 21.20 20.77 A 54.51

EUCLJ032346.79-272726.06 50.944956 —-27.457238 20.68 20.17 19.69 19.35 AA 52.32 Previously found in L25,W25
EUCLJ180128.34+654336.99 270.368101 65.726941 20.35 20.05 19.64 19.25 AA 45.06 Previously found in L25,W25
EUCLJ033559.01-265446.27 53.995875 -26.912852 21.64 20.78 20.31 19.86 B 37.85

EUCLJ180354.66+643421.66 270977739  64.572684 20.10 19.80 19.42 19.08 AA 36.31 Previously found in L25,W25
EUCLJ040145.12-505015.05 60.437996 -50.837513 21.42 20.68 20.28 19.95 A 36.27 Ranked poorly by L25 ML
EUCLJ033755.33-285717.59 54.480526 —28.954887 19.19 19.07 18.70 18.34 BA 3491 Previously found in L25,W25
EUCLJ040457.32-492221.50 61.238847 —49.372639 19.39 19.13 18.85 18.43 AA 32.02 Previously found in L25,W25
EUCLJ181322.04+664816.08 273.341839  66.804466 21.36 20.57 20.17 19.74 AA 31.95 Previously found in L25,W25
EUCLJ041107.32-452516.72 62.780484 —-45.421311 21.59 20.59 20.19 19.80 AA 30.03 Previously found in L25,W25
EUCLJ041122.98-455546.67 62.845764 —-45.929631 21.25 20.46 20.14 19.61 AA 29.78 Previously found in L25,W25
EUCLJ041339.47-484112.79 63.414457 -48.686887 21.71 21.09 20.78 20.41 AA 29.62 Previously found in L25,W25
EUCLJ042046.95-482135.85 65.195645 —48.359958 21.09 20.45 20.07 19.67 AA 29.21 Previously found in L25,W25
EUCLJ033414.91-280046.46 53.562126 -28.012906 18.95 18.34 17.68 AA 28.55 Previously found in L25,W25
EUCLJ174317.08+640855.52 265.821153  64.148755 21.01 20.52 20.23 20.03 AA 27.92 Previously found in L25,W25
EUCLJ173523.00+654813.09 263.845831 65.803635 23.12 2195 2148 21.01 A 26.97

EUCLJ180147.29+652629.65 270.447058  65.441569 18.44 18.49 18.06 18.40 BA 26.90 Previously found in L25,W25
EUCLJ041810.06-491831.06 64.541932 —-49.308628 19.09 1920 18.82 18.44 AA 24.70 Previously found in L25,W25
EUCLJ175325.32+641743.58 268.355520  64.295438 20.17 19.72 1933 18.94 AA 24.41 Previously found in L25,W25
EUCLJ181607.89+681651.16 274.032869  68.280879 19.44 19.39 1898 18.56 AA 24.32 Previously found in L25,W25
EUCLJ180457.22+675621.15 271.238421 67.939208 1924 19.40 18.98 18.60 AA 24.09 Previously found in L25,W25
EUCLJ032818.94-291447.26 52.078907 —29.246461 19.97 19.61 19.20 18.78 BA 23.73 Previously found in L25,W25
EUCLJ041525.24-490314.45 63.855167 —49.054013 23.78 2272 2222 21.81 B 23.28

EUCLJ174702.00+661309.53 266.758336  66.219313 2296 2231 21.84 21.66 AA 23.26 Previously found in L25,W25
EUCLJ175102.98+652713.71 267.762424  65.453808 20.25 19.88 19.48 19.07 BA 22.53 Previously found in L25,W25
EUCLIJ174745.53+640250.06 266.939702  64.047238 19.30 18.76 18.37 17.97 BA 21.35 Previously found in L25,W25
EUCLJ041606.94-472628 .45 64.028925 —47.441235 19.16 1893 18.61 18.35 BA 21.19 Previously found in L25,W25

Notes. Currently depicting the top 18 lenses from Fig. D.1. The properties displayed: (1) Object id and name of each candidate; (2) Right ascension; (3) Declination; (4) Iz band magnitude,
using FLUX_DETECTION_TOTAL; (5) Ye-band magnitude, found using FLUX_Y_2FWHM_APER; (6) Je-band magnitude, found using FLUX_J_2FWHM_APER; (7) Hg-band magnitude, found using
FLUX_H_2FWHM_APER,; (8) Processed grades of human experts classification. If there are two letters, then the object was previously identified and classified, with grade represented by the second
letter; (9) Raw score output from the model in this work; (10) Citations and any additional notes. Two undisplayed properties are included in the full electronically available table in additional
resources: an indication of whether the lens is new and an alternative name for each object composed of the mosaic tile and cutout id. Under notes, L25: Euclid Collaboration: Lines et al. (2025b),
W25: Euclid Collaboration: Walmsley et al. (2025), R25: Euclid Collaboration: Rojas et al. (2025), and E25: Ecker et al. in prep. R25 and E25 not shown here.
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