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ABSTRACT

Galaxy-scale strong lenses provide precise measurements of galaxy mass distributions, magnified views of distant galaxies, and a competitive
cosmological probe. Historically, such studies have been limited to hundreds of lenses, with automated modelling methods proving difficult to
scale. We present automated lens modelling of 15 072 strong-lens candidates from Euclid Data Release 1 (DR1), over an order of magnitude
larger than any previously modelled sample. Using PyAutoLens-JAX, we perform three fits with multi-Gaussian expansion (MGE), pixelised,
and Sérsic representations of the source, adopting an isothermal ellipsoid mass model with external shear. These fits provide foreground lens-light
subtraction, adaptive Delaunay source reconstructions, and deblended photometry. More than 20 expert inspectors visually assess the resulting
models, and each model is assigned the classification on which at least 75% of its inspectors agree. Of the 6073 grade A (secure) lens candidates,
inspectors classify 4098 (67.5%) as successfully modelled, 580 (9.6%) as failures, 317 (5.2%) as multi-galaxy lenses, 15 (0.2%) as double-source-
plane lenses, and 7 (0.1%) as unsure if lens, while 1032 (17.0%) reach no consensus and 24 (0.4%) have incomplete models. For the 8999 grade
B (probable) candidates, the modelling success rate falls to 43.1%, primarily reflecting an increase in cases without consensus (37.6%), rather
than a comparable increase in agreed failures (12.9%). We attribute this greater disagreement to uncertainty over whether these candidates are
genuine lenses. For 2990 candidates, inspectors also record why models failed. Of the 210 failures, they attribute 39 (18.6%) to preprocessing and
segmentation errors, 66 (31.4%) to inaccurate MGE lens-light subtraction, and 12 (5.7%) to source-reconstruction or mass-model failures, while
93 (44.3%) reach no consensus on the failure mode. Successfully modelled grade A and B systems have a median effective Einstein radius of 0 .′′85
and a median total IE-band source magnification of 8.1. We publicly release the successful lens models, their inferred properties, and magnified-
source reconstructions through the ECLIPSE catalogue, demonstrating automated modelling at Euclid sample sizes and enabling population-level
strong-lensing science.
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1. Introduction

Galaxy-scale strong gravitational lensing occurs when a fore-
ground galaxy aligns closely along the line of sight with a more
distant background source. The mass of the foreground galaxy
curves space-time, deflecting and magnifying the light of the
source into multiple images, arcs, or, in the most aligned config-
urations, complete Einstein rings (Kochanek 2006; Treu 2010).
Each such system encodes an unusually rich set of astrophysi-
cal measurements: the total mass and dark matter distribution of
the foreground galaxy (Bolton et al. 2008; Vegetti et al. 2014;
Oguri et al. 2014; Sonnenfeld et al. 2015), and a magnified view
of a high-redshift source that would otherwise be inaccessible
(Swinbank et al. 2015; Atek et al. 2015; Dye et al. 2018; Rizzo
et al. 2020; Amvrosiadis et al. 2025). Strong lenses also provide
cosmological constraints on the Hubble constant through time
delays (Suyu et al. 2017; Wong et al. 2020; Birrer et al. 2020),
the matter density and dark energy through double-source-plane
systems (Collett & Auger 2014; Sahu et al. 2025; Euclid Collab-
oration: Li et al. 2026), and cosmic shear through line-of-sight
perturbations (Birrer et al. 2017, 2018; Hogg et al. 2026; Fleury
et al. 2026), for which Euclid’s upcoming weak-lensing cata-
logue further enables cross-correlations with galaxy shapes and
tests for systematic errors in shear measurements (Hogg et al.
2023; Fleury et al. 2026).

Extracting that information requires strong lens modelling, a
simultaneous analysis of the light of the foreground lens galaxy,
its mass distribution, and the unlensed surface brightness of the
background source. Conceptually, a model of the light of the
source is forward ray-traced via general relativity, with its path
distorted by a mass model of the foreground lens galaxy. This
produces an image of the lensed source, which is added to a
model image of the light of the foreground lens and compared
to the data. Lens modelling puts this process in an inference pro-
cedure, varying the model parameters to determine the combi-
nation of lens light, mass, and source light that best reproduces
the observed strong lens system (e.g. Warren & Dye 2003; Suyu
et al. 2006; Vegetti & Koopmans 2009; Nightingale et al. 2018;
Birrer & Amara 2018; Vernardos & Koopmans 2022; Galan et al.
2022); see also the review by Shajib et al. (2024).

As strong lens samples have grown, scaling lens modelling
has posed a significant challenge. Dedicated strong lens surveys
discovered hundreds of lenses (Bolton et al. 2008; Treu et al.
2011; Brownstein et al. 2012; Gavazzi et al. 2014; Shu et al.
2016; Tran et al. 2022), with modelling performed successfully
but typically on a lens-by-lens basis using procedures that re-
lied heavily on manual human intervention. Automated and uni-
form modelling pipelines have since been introduced (Nightin-
gale et al. 2018, 2021) and demonstrated on real data (Shajib
et al. 2019; Etherington et al. 2022; Schuldt et al. 2023), al-
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though these relied on manual preprocessing steps that have
only recently been automated (Shajib et al. 2025; Euclid Col-
laboration: Vincken et al. 2026a). Automated modelling has also
been demonstrated for lensed quasars (Ertl et al. 2023; Schmidt
et al. 2023). Despite the availability of samples containing hun-
dreds of strong lenses, automated modelling studies have gener-
ally been demonstrated on fewer than about 100 systems, high-
lighting the difficulty of scaling lens modelling to survey-sized
data sets. Nightingale et al. (2025) present lens models for 419
strong lens candidates discovered with the James Webb Space
Telescope as part of the COSMOS-Web Lens Survey (COWLS).

The Euclid mission (Euclid Collaboration: Scaramella et al.
2022; Euclid Collaboration: Mellier et al. 2025) will provide
high-resolution imaging from its visible instrument (VIS), with
a pixel scale of 0 .′′1 and point-spread function (PSF) full width at
half maximum (FWHM) of approximately 0 .′′16 (Euclid Collab-
oration: Cropper et al. 2025; Euclid Collaboration: McCracken
et al. 2026a), across 14 000 deg2 of sky, alongside three near-
infrared bands from its Near-Infrared Spectrometer and Pho-
tometer (NISP) that provide crucial colour information (Euclid
Collaboration: Jahnke et al. 2025). This combination of image
quality and survey scale is expected to yield in excess of 100 000
galaxy-scale strong lenses (Collett 2015), transitioning strong
lensing into the era of large statistical samples. The precise num-
ber depends on the lens and source populations assumed and
on how lenses are identified (Holloway et al. 2023; Ferrami &
Wyithe 2024). The VIS imaging is sufficiently resolved to mea-
sure key lensing quantities directly from the data, including Ein-
stein radii, lens-galaxy mass distributions, and the morphologies
of lensed source galaxies.

Euclid DR1 (Euclid Data Release 1), covering approximately
2000 deg2, already represents a major step towards this goal
and is expected to contain more strong lenses than all previous
samples combined. Automated modelling of Euclid lenses has
already been demonstrated on the Early Release Observations
(Acevedo Barroso et al. 2025; O’Riordan et al. 2025) and, at
larger scale, by the Strong Lens Discovery Engine (SLDE) col-
laboration on approximately 500 grade A and B lenses discov-
ered in Q1 (Euclid Collaboration: Walmsley et al. 2026; Euclid
Collaboration: Rojas et al. 2026; Euclid Collaboration: Lines
et al. 2026b; Euclid Collaboration: Li et al. 2026; Euclid Col-
laboration: Holloway et al. 2026a; Euclid Collaboration: Ecker
et al. 2026). Grade A denotes a secure lens with unambiguous
lensing features, and grade B a probable lens requiring addi-
tional evidence to confirm its lensing nature. In the ECLIPSE
catalogue and discovery pipeline (Euclid Collaboration: Lines
et al. 2026a; Euclid Collaboration: Holloway et al. 2026b), both
grades are assigned solely from visual inspection of the imaging,
before lens modelling.

This paper presents strong lens modelling results for 15 072
grade A and B strong-lens candidates discovered across the Eu-
clid DR1 footprint as part of the ECLIPSE survey (Euclid Col-
laboration: Lines et al. 2026a), the first end-to-end strong-lens
discovery and characterisation effort at this scale. In doing so,
we address a long-standing question in strong lensing: can strong
lens modelling be scaled beyond thousands of lenses? To quan-
tify how often modelling succeeds at this scale, the Euclid Strong
Lensing Science Working Group (SL-SWG) performed a dedi-
cated visual inspection campaign involving over 20 expert lens
modellers, with each inspected model assessed by at least four
inspectors. This enables us to quantify the success rate of au-
tomated lens modelling, provide a catalogue of validated lens

models for future scientific study,1 and systematically identify
the dominant failure modes of automated lens modelling.

For successfully modelled systems, we measure the principal
lens and source properties to characterise the sample and provide
a foundation for subsequent scientific studies. We first investi-
gate the inferred Einstein radii which, when lens and source red-
shifts are known, can be converted into Einstein masses, widely
regarded as among the most precise galaxy mass measurements
in astronomy (see reviews by Treu 2010; Shajib et al. 2024),
with systematic uncertainties of order 5% reported in previous
work (Bolton et al. 2008). Here we characterise the distribu-
tion of inferred Einstein radii, providing a basis for future pop-
ulation studies (Sonnenfeld & Cautun 2021; Sonnenfeld 2021,
2022a). We also show the inferred source magnifications and
make the source reconstructions for every successfully modelled
lens publicly available across the high-resolution VIS imaging
and all available NISP and external (EXT) ground-based wave-
bands. Lens modelling of galaxy-scale strong lenses has enabled
a broad range of source-galaxy science (Swinbank et al. 2015;
Dye et al. 2018; Rizzo et al. 2020; Amvrosiadis et al. 2025), and
we aim to extend this capability to large samples.

This paper is part of a series describing the Euclid DR1
strong lens search and catalogue. Euclid Collaboration: Lines
et al. (2026a, hereafter ECLIPSE-A) presents the catalogue
of 15 072 grade A and B galaxy-scale strong lenses discov-
ered across the DR1 footprint, the largest homogeneous strong
lens sample assembled to date. The catalogue is the product of
the discovery pipeline described by Euclid Collaboration: Hol-
loway et al. (2026b, hereafter ECLIPSE-B), which combines
machine-learning classification, citizen-science inspection, and
expert visual validation to identify strong lenses from approxi-
mately 68 million galaxies. Companion analyses of photomet-
ric redshifts and the physical properties of the deflector galaxies
are presented in Euclid Collaboration: Nersesian et al. (2026,
hereafter ECLIPSE-D). The automated segmentation and mod-
elling inputs used here are presented by Euclid Collaboration:
Vincken et al. (2026a) through AstroVink-TREX. This builds
on the AstroVink vision-transformer lens-finding framework
introduced for Euclid Q1 by Euclid Collaboration: Vincken et al.
(2026b). Dedicated modelling of multi-galaxy lenses, in which
more than one foreground galaxy contributes to the lensing, is
presented by Euclid Collaboration: Wielders et al. (2026).

The remainder of this paper is organised as follows. Sec-
tion 2 describes the Euclid DR1 imaging and strong-lens candi-
date sample. Section 3 sets out the automated preprocessing ap-
plied to each lens prior to modelling. Section 4 defines the lens
model and the three-fit procedure. Section 5 details the visual
inspection campaign, and Sect. 6 presents the catalogue together
with the success and failure statistics and the multi-wavelength
results. We discuss the implications in Sect. 7 and summarise in
Sect. 8.

2. Data

ECLIPSE-A describes how lens candidates come from a search
of the approximately 2000 deg2 DR1 footprint. The primary data
used for lens modelling are the high-resolution images from
the Euclid VIS instrument (Euclid Collaboration: Cropper et al.
2025), observed through the broad optical IE filter. The VIS
imaging provides the optimal data for lens modelling because of
its high spatial resolution and diffraction-limited image quality.
The data were accessed via the European Space Agency (ESA)

1 https://euclid-eclipse-lenses.org
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Science Archive Service and ESA Datalabs.2 For each lens can-
didate, we extracted 100 × 100 pixel cutouts, corresponding to
10 .′′0× 10 .′′0 at the VIS pixel scale of 0 .′′1 pixel−1. These cutouts
included the science image, root mean square (RMS) noise map,
and PSF, all of which were used in the lens modelling.

We used the effective PSFs supplied by the Euclid MERge
(MER) processing pipeline, which propagates the input PSF
models through resampling and stacking to provide PSF stamps
appropriate to each object’s position and waveband (Euclid Col-
laboration: Romelli et al. 2026). For VIS, these combine the
position-dependent PSF models of the contributing observa-
tions, accounting for the mosaicing process. We did not use the
more detailed, colour-dependent PSF treatment developed for
the shear-measurement (SHE) processing function (Euclid Col-
laboration: McCracken et al. 2026b). Using this PSF, we mea-
sured Einstein radii, lens-light properties, and source reconstruc-
tions, constrained by the positions and appearance of the lensed
images together with the foreground light distribution. However,
higher-fidelity PSFs may be required for more complex lens
models, such as power-law mass profiles that constrain the radial
density slope. We recommend that readers planning to fit more
complex lens models to the public data first contact the SL-SWG
for current guidance on PSF limitations and other data-reduction
issues. Improvements in these areas are expected following this
work.

Following the VIS fit, lens modelling was performed inde-
pendently in each additional waveband using the NISP near-
infrared imaging (Euclid Collaboration: Jahnke et al. 2025) and
EXT ground-based data, for photometric-redshift estimation and
spectral energy distribution (SED) fitting. The MER NISP and
EXT images and their corresponding PSFs are sampled on the
same 0 .′′1 pixel−1 grid as VIS; no additional PSF subsampling
was applied during lens modelling. The multi-wavelength mod-
elling approach and example NISP and EXT modelling results
are presented in ECLIPSE-D.

3. Preprocessing

Before lens modelling, each lens image was preprocessed to
define the inputs required by the Euclid strong-lens modelling
pipeline. These inputs are: (i) the circular mask, outside of which
pixels are excluded from the likelihood evaluation; (ii) candi-
date conjugate points (image-plane positions at the brightest lo-
cations of the multiple images, assumed to correspond to the
same source-plane location), which are used during fitting to
reject mass models that do not trace the images to consistent
source-plane positions (Maresca et al. 2021); and (iii) a binary
mask flagging nearby galaxies whose emission overlaps the fit-
ting region and must therefore be removed. Historically, these
tasks have been performed manually by the scientist using one
or more graphical user interfaces (GUIs), as in Nightingale et al.
(2025).

To automate preprocessing for thousands of lenses, we
used the machine-learning framework of Euclid Collaboration:
Vincken et al. (2026a), which segments foreground lens light,
lensed source emission, and nearby galaxies (Fig. 1). The bright-
est pixel in the predicted lens-light map defined the fitting-mask
centre, lens-light centre priors, and initial mass-model centre,
subsequently refined using the nearby VIS light. For the initial
multi-Gaussian expansion (MGE) fit, the lens-light centre had
a uniform prior spanning ±0 .′′1 in each coordinate around this
refined centre. The circular fitting mask extended 2 .′′0 beyond

2 https://datalabs.esa.int/

Fig. 1. Example results of automated preprocessing for the lens Euclid-
DR1 J030313.592−580619.97. North is up and east is to the left, as in
all images in this paper. Left: An RGB image using one colour scaling
that contrasts the lens and source light with that of a nearby galaxy to
the north-east. Right: An RGB image with different colour scaling that
shows the fitting mask, candidate conjugate points, and contaminating-
galaxy contour used in lens modelling. The white dashed circle shows
the fitting mask, whose radius is computed from the furthest pixel in
the segmented source emission, plus an additional buffer. White crosses
with black outlines mark the automatically identified candidate conju-
gate points. The magenta contour marks a nearby contaminating galaxy
whose light overlaps the fitting region and is therefore effectively ex-
cluded from the likelihood by zeroing its data values and inflating its
RMS values.

the segmented source emission, whose brightness peaks pro-
vided candidate conjugate points. Contaminating galaxies were
effectively excluded from the likelihood by zeroing their data
values and setting their RMS values to 108 in the image’s flux
units, while retaining their pixels for ray tracing to avoid dis-
continuities in the source-plane mesh (Etherington et al. 2022,
section 4.3.2).

To constrain multiple images to originate from a common
source, candidate conjugate points were ray-traced at each like-
lihood evaluation, penalising models whose maximum pairwise
source-plane separation exceeded a specified threshold. Below
this threshold the points did not affect the likelihood; above it,
a penalty proportional to the excess separation was subtracted
from the log-likelihood, with the threshold for the first fit set be-
tween 0 .′′3 and 0 .′′5 from a pre-fit to the points (Appendix A.5).
The candidate points taken from the segmentation can occasion-
ally miss images, for example when a counter-image lies close
to the lens centre, and can link peaks from different regions of
the source plane. We therefore updated them during the Euclid
strong-lens modelling pipeline (Sect. 4.5).

4. Lens modelling

4.1. Overview

We used version 2026.10.7.1 of the lens modelling software
PyAutoLens (Nightingale et al. 2021).3 PyAutoLens simulta-
neously fits the light and mass of the lens galaxy and the source
galaxy. The method assumes a model for the foreground light
of the lens, which accounts for blurring by the instrumental PSF
and is subtracted from the observed image. A mass model ray-
traces image pixels from the image plane to the source plane,
where either a parametric source model or a pixelised source
reconstruction on a Delaunay mesh is fitted. Jupyter notebooks
providing a visual step-by-step guide to the PyAutoLens likeli-

3 https://github.com/PyAutoLabs/PyAutoLens
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hood function used in this work are available online.4 The Euclid
strong-lens modelling pipeline used in this work, implemented in
PyAutoLens, is publicly available.5

We fitted the lens light, mass distribution, and background
source simultaneously using the semi-linear inversion frame-
work (Warren & Dye 2003). The model comprises 15, 10, and
12 non-linear free parameters in the MGE, pixelised, and Sérsic
fits (Sect. 4.5), describing the lens mass, external shear, light-
profile geometry, and source regularisation, which were sam-
pled using the nested sampler nautilus (Lange 2023). At each
likelihood evaluation, the foreground lens-light and background
source intensities were solved jointly as non-negative linear pa-
rameters, so the potentially large number of Gaussian amplitudes
and source-pixel intensities need not be sampled non-linearly,
substantially reducing the dimensionality of the non-linear pa-
rameter space.

For accelerated inference, we used PyAutoLens-JAX
(Nightingale et al., in preparation), which supports execution on
both CPUs and GPUs. We used CPUs for this analysis because
CPU hardware was more readily available and inference time
was not a limiting factor. For the full 15 072-candidate analy-
sis, we also used PyAutoLens-Assistant,6 a natural-language
interface that assists users in setting up and managing lens-
modelling workflows. Its development was informed by our ex-
perience modelling an initial subset of 2990 candidates from the
Euclid DR1 catalogue.

Figure 2 shows an overview of a PyAutoLens lens model
using the lens candidate Euclid-DR1 J030313.592−580619.97.
The figure summarises the main components of the PyAutoLens
fit: the observed VIS image, the lens light and source model im-
ages, the lens-subtracted lensed source, the fit residuals, and the
reconstructed source plane with different degrees of zooming.
The mask used in this figure corresponds to the white circle in
Fig. 1 and the extra galaxy marked by the magenta contour in
Fig. 1 is visible in Fig. 2 as zeroed pixels in the VIS data panel
and a corresponding region with zero signal-to-noise ratio. This
masking removes the contaminating galaxy from the likelihood
while retaining the lensed source emission used to constrain the
model. The white curves show the tangential critical curve in the
image plane and the corresponding caustic in the source plane.

4.2. Lens light modelling

We modelled the foreground lens light using an MGE (Cap-
pellari 2002), comprising a sum of two-dimensional elliptical
Gaussian profiles, following He et al. (2024, hereafter H24). The
MGE provides a flexible and computationally efficient represen-
tation of the lens galaxy emission, well suited to automated mod-
elling of large strong-lens samples. Appendix A details the MGE
equations, width convention, and joint linear solution.

We modelled the lens light using two sets of 20 Gaussians
with logarithmically spaced widths, sharing a common centre
but with independent axis ratios and orientations, giving six non-
linear parameters. While H24 used up to six sets of 30 Gaussians
for HST imaging, our tests on Euclid data found that two sets im-
proved the fits over one, particularly for S0 galaxies with distinct
bulge and disc components. We therefore adopted two sets as
a compromise between flexibility and computational efficiency,

4 https://github.com/Jammy2211/autolens_likelihood_
function
5 https://github.com/PyAutoLabs/euclid_strong_lens_
modeling_pipeline
6 https://github.com/PyAutoLabs/autolens_assistant

with visual inspection (Sect. 5) used to identify inadequate lens-
light models.

4.3. Mass profile

For the lens mass model, we assumed a singular isothermal el-
lipsoid (SIE) density profile of the form

κ(ξ) =
1

1 + qmass

(θmass
E

ξ

)
, (1)

where qmass is the mass-profile axis ratio, ξ =
√

x′2 + (y′/qmass)2

is the elliptical radius in lens-centred coordinates aligned with
the mass distribution, and θmass

E is the model Einstein radius
in arcseconds. Deflection angles were computed via an im-
plementation of the method of Tessore & Metcalf (2015) in
PyAutoLens.

We included external shear, a standard approximation for
tidal perturbations from matter outside the main lens galaxy. It
is described by a magnitude, γext, and an orientation, ϕext, mea-
sured anticlockwise from the +x axis of the modelling grid. In
the fit we used the two components (γext

1 , γ
ext
2 ), related to these

quantities by

γext
1 = γ

ext cos(2ϕext) , γext
2 = γ

ext sin(2ϕext) . (2)

The deflection angles due to external shear were computed ana-
lytically. However, the fitted shear can also absorb missing com-
plexity in the lens mass distribution (Etherington et al. 2024), so
it need not represent a physical measurement of the external tidal
field.

The catalogue reports the effective Einstein radius, denoted
θE below, defined for non-axisymmetric lenses as

θE =

√
Acrit

π
, (3)

where Acrit is the angular area enclosed by the tangential criti-
cal curve. Because this area is measured from the full SIE plus
external-shear model, the reported θE includes the shear contri-
bution to the critical-curve geometry and is not identical to the
SIE scale parameter θmass

E .

4.4. Source model

We modelled the background source using three representations:
a multi-Gaussian expansion (Cappellari 2002; He et al. 2024), a
pixelised Delaunay reconstruction, and an elliptical Sérsic pro-
file. The pixelised reconstruction combines Hilbert-based adap-
tive mesh placement (He et al. 2025), barycentric interpolation
(Vegetti & Koopmans 2009; Vernardos & Koopmans 2022), and
adaptive split regularisation (Nightingale et al. 2024; He et al.
2024), whose strength was inferred alongside the lens mass pa-
rameters (Warren & Dye 2003; Suyu et al. 2006). We evalu-
ated PSF-convolved models using a Gaussian-noise likelihood,
with spatially adaptive oversampling of the lens and source light
(Nightingale et al. 2024). Appendix A provides the forward-
model, joint linear solution, adaptive mesh, regularisation, and
likelihood equations.

The source magnification, µ, is computed as the ratio of the
lensed source flux in the image plane, Flensed, to its intrinsic
source-plane flux, Fsource,

µ =
Flensed

Fsource
. (4)
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Fig. 2. Example VIS PyAutoLens lens-model summary for the lens candidate J030313.592−580619.97, the same system shown in Fig. 1. The top
row shows, from left to right, the VIS data, the full model image, the signal-to-noise ratio map, and a maximally zoomed view of the reconstructed
source plane. The middle row shows the foreground lens-light model, the lens-subtracted image, the lensed source model image, and a mid-zoom
source-plane reconstruction. The bottom row shows the normalised residual map, the same residual map plotted in the range from −1σ to +1σ, the
χ2 map, and the full source-plane reconstruction. The zeroed regions in the maps correspond to the contaminating galaxy marked by the magenta
contour in Fig. 1. White dots with black edges mark the image-plane mask boundary, while white curves with black outlines show the critical
curve and caustic structure where plotted.

The magnifications quoted in this paper use the Sérsic source
model to facilitate comparison with previous literature and stan-
dard galaxy photometry (see ECLIPSE-D); the catalogue also
includes magnifications derived from the Delaunay source re-
construction.

4.5. Sequential lens model fits

The pipeline comprises three fits with complementary purposes.
The first used MGE lens and source light to establish an initial
mass model and foreground-light subtraction. The second used
a flexible pixelised source to refine the mass model and recon-
struct the source morphology. The third held the first-fit mass
model fixed and fitted Sérsic light profiles to obtain deblended
photometry and structural measurements of the lens and source.
Appendix A gives the likelihood equations, and Table A.1 sum-
marises the free and fixed quantities in each stage. The explicit
priors and sampler settings are given in Appendix A.6. Each
search stopped on meeting the nautilus convergence criteria or

reaching its likelihood-evaluation limit; reaching that limit does
not itself establish convergence.

The first fit used MGEs (Cappellari 2002; He et al. 2024) for
both the lens and source light, together with an SIE mass pro-
file and external shear (see Sect. 4.3), and was performed with
the nested sampler nautilus (Lange 2023).7 The intensities of
the MGE light profiles for the lens and source were solved for
linearly using the semi-linear inversion. For the source, we used
one set of 20 Gaussians, whose σ values spanned a base-10 log-
arithmic range from 0 .′′0001 to the mask radius.

After inference with the simpler parametric MGE source
model was complete, the conjugate points were updated us-
ing its maximum-likelihood mass model, recovering missed im-
ages and replacing peaks associated with different source regions
with positions corresponding to a common source location. The
threshold used in the second fit was then reset to three times
the maximum source-plane separation of the updated points un-

7 https://github.com/johannesulf/nautilus
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der this mass model, with a minimum of 0 .′′2 (Etherington et al.
2022, section 4.3.2).

The second fit, also performed with nautilus, replaced the
parametric source model with a Delaunay mesh source recon-
struction, while retaining an MGE for the lens light and an SIE
mass profile with external shear. The non-linear parameters of
the MGE lens light model were fixed to the values inferred in
the first fit, but the Gaussian intensities were re-solved linearly
for every model evaluated alongside the source reconstruction.
The second fit released the SIE centre within 0 .′′1 of the data
set centre in each coordinate. Its SIE shape, Einstein-radius, and
shear priors were not narrowed using the first-fit posterior; Ta-
ble A.2 specifies their distributions, including the non-uniform
priors on the SIE ellipticity components.

The third fit was performed to obtain deblended photometry
of the lens and source galaxies. The maximum-likelihood mass
model inferred from the first fit was fixed, and the MGE light
profiles of both the lens and source were replaced with ellipti-
cal Sérsic profiles. This fit was performed on the VIS imaging,
where the structural parameters of the lens and source light pro-
files were inferred. Lens and source magnitudes were computed
from the total flux of the foreground Sérsic lens model and the
lensed Sérsic source model in the image plane, respectively. The
source magnification reported in the catalogue was then com-
puted using Eq. (4), with the SIE mass model and external shear
fixed from the initial MGE fit. In ECLIPSE-D, the same fixed
mass model with Sérsic lens and source was then used to fit each
available NISP and EXT waveband independently for deblended
photometry, photometric-redshift estimation, and SED fitting.

5. Visual inspection

The goals of this visual inspection campaign were (i) to produce
a catalogue of galaxy-scale lenses whose models a majority of
experts agree are robust and accurate for subsequent scientific
study; (ii) to quantify the overall success rate of the automated
lens modelling pipeline; and (iii) to understand and categorise
the reasons why lens modelling fails, thereby guiding future au-
tomated lens modelling efforts. More than 20 lens-modelling ex-
perts participated in the visual inspection campaign for the DR1
sample of 15 072 candidates.

A preliminary round of visual inspection, described in Ap-
pendix B, was undertaken in which 12 expert inspectors re-
viewed 200 lens models. The results of this exercise, together
with follow-up discussion amongst the inspectors, were used to
refine the criteria defining a successful lens model, determine the
categories used to describe modelling failures, and identify the
diagnostic images most informative for assessing model quality.
This enabled the final inspection GUI used for 15 072 lenses to
present the minimum amount of information necessary to bal-
ance inspection speed with diagnostic power.

For the main visual inspection campaign, inspectors were
shown two diagnostic images for each candidate: (i) the RGB
image with segmentation information, as shown in Fig. 1, and
(ii) the lens-model overview image shown in Fig. 2. Together,
these provided the colour information needed to distinguish lens
and source emission, as well as the modelling diagnostics re-
quired to assess whether the data are successfully fitted by a
lens model. Figure 2 shows the Delaunay source reconstruction
shown to inspectors by default. Inspectors assigned classifica-
tions based solely on the Delaunay modelling results. They could
also switch in the GUI to a parametric MGE source model for
supplementary diagnostic information, but did not classify the

MGE fits. Sérsic fits were omitted because their close resem-
blance to the MGE fits would add redundant information and
risk confusion.

The source-plane panels retain the zoom levels used during
visual inspection (Fig. 2), which are occasionally suboptimal
(e.g. zoomed in too far to show the full source). Each Delau-
nay triangle is displayed with a single colour to illustrate the
mesh resolution, although the underlying source reconstruction
is continuous through piecewise-linear barycentric interpolation
(Appendix A.3).

5.1. Inspection classifications

The five primary classification options available to inspectors
were “Success” (SC), “Failure” (FL), “Unsure If Lens” (UIL),
“Double Source Plane Lens” (DSPL), and “Multi Galaxy Lens”
(MGL). During preliminary inspection, it was noted that the
sample contained systems that violate the modelling assump-
tions in two common ways. In a DSPL system, multiple sources
at different redshifts are lensed by the same foreground deflec-
tor; in an MGL system, more than one lens galaxy lies within
the Einstein radius. The automated modelling pipeline assumes
a single MGE lens light model, a single SIE mass profile, and a
single source plane; these systems are therefore not expected to
be modelled accurately. The visual inspection procedure there-
fore instructed reviewers to identify DSPL and MGL systems as
standalone categories in the initial classification stage.

Using the diagnostic images, inspectors assigned these clas-
sifications according to the following criteria:

1. You have high confidence that the object is a genuine strong
gravitational lens (otherwise classify it as UIL).

2. The system does not contain sources at multiple redshifts
(otherwise classify it as DSPL).

3. The system contains only one lens galaxy within its Einstein
radius (otherwise classify it as MGL).

4. The lens model provides an accurate and reliable measure-
ment of the Einstein radius suitable for publication in a peer-
reviewed scientific article (otherwise classify it as FL).

5. The critical-curve morphology and source reconstruction are
physically plausible (otherwise classify it as FL).

6. If all criteria above are satisfied, classify the system as SC.

For a subset of 2990 lens candidates, inspectors were ad-
ditionally asked to identify the reason for unsuccessful lens
models. When classifying a model as a failure (FL), inspec-
tors selected one of three categories: segmentation/masking
(FL-Segmentation), lens-light subtraction (FL-LensLight), or
source reconstruction/mass modelling (FL-SourceMass). In-
spectors were instructed to consider these categories sequen-
tially and select the first applicable failure, reflecting how er-
rors propagate through the modelling pipeline. For example,
incorrect segmentation can lead to poor lens-light subtraction,
which can in turn cause the source reconstruction to fit resid-
ual lens light rather than genuine source emission. The source
reconstruction/mass modelling category was reserved for cases
where earlier stages were successful but the reconstructed source
or inferred mass model was physically implausible. This struc-
tured approach was introduced following preliminary inspec-
tions, where less constrained classifications proved difficult to
interpret.

The number of recorded votes varied from four to seven per
inspected object. Detailed reasons for failure were not requested
in the main campaign of all 15 072 objects because of inspector
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Table 1. Key to the primary inspection classifications and the consensus outcome.

Code Classification Description

SC Success Confident lens identification, a reliable Einstein radius, and physically plausible
critical curves and source reconstruction; single-deflector, single-source-plane cri-
teria satisfied.

FL Failure Confident lens identification satisfying the single-deflector and single-source-
plane criteria, but the model fails the reliability or physical-plausibility criteria.

UIL Unsure If Lens Insufficient confidence that the candidate is a genuine strong lens.
DSPL Double Source Plane Lens Multiple sources at different redshifts lensed by the same foreground deflector.
MGL Multi Galaxy Lens More than one lens galaxy within the Einstein radius.

NC No Consensus No unique primary classification satisfies the adopted consensus rule; assigned
from the combined votes.

– Incomplete No completed pixelised model; not inspected.
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Fig. 3. Representative grade A Success (SC) lens models spanning the observed SC-vote fractions. The systems in the top, middle, and bottom
rows have 4/4 (100%), 3/4 (75%), and 2/4 (50%) SC votes, respectively; the bottom system is NC at the adopted 75% threshold. Individual
candidates were reviewed by subsets of the inspection team, so each RGB panel gives both the SC-vote tally and its fraction. Within each row, the
panels show (a) the RGB image, (b) the VIS data, (c) the foreground lens-light model, (d) the lens-subtracted image, (e) the lensed source-model
image, and (f) the source-plane reconstruction. Images are north up, east left; axes give offsets in arcseconds, with y increasing to the north and x
to the west. White dots mark the fitting mask; critical curves and caustics have black outlines. The higher-agreement examples have plausible lens-
light subtraction and source reconstructions, whereas the lower-agreement example illustrates the greater ambiguity introduced at lower consensus
thresholds. Fourteen additional examples are shown in Fig. C.1.

time constraints. Table 1 summarises the five primary classifica-
tions, together with the outcome assigned when inspectors did
not reach consensus, defined in Sect. 5.2.

5.2. Consensus thresholds

All inspectors had equal voting weight, with no individual veto.
We assigned a consensus classification when at least a speci-
fied fraction of inspectors agreed; otherwise, the object was la-
belled “No Consensus” (NC). This was determined from the
combined votes rather than being an option available to indi-
vidual inspectors. At our adopted 75% threshold, three of four,
four of five, or five of six inspectors had to agree. We applied
this threshold independently to the five primary classifications

(SC, FL, UIL, DSPL, and MGL) and the secondary failure cat-
egories (FL-Segmentation, FL-LensLight, and FL-SourceMass)
recorded for the 2990-candidate sample. Primary classifications
required a unique consensus. At the 50% threshold, ties between
classifications were assigned NC. At the adopted 75% thresh-
old, no two primary classifications can simultaneously meet the
threshold. For secondary failure modes, ties were instead re-
solved in the causal order FL-Segmentation, FL-LensLight, then
FL-SourceMass. No minimum number of votes was imposed,
while objects without recorded votes received no classification
but are included in the totals from which success rates are calcu-
lated.
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Fig. 4. Grade A Success (SC) models above the 75% SC consensus threshold despite residual segmentation issues. Panels follow the same layout
as Fig. 3. In the top row, cyan arrows in panel (b) identify unmasked nearby objects whose light is mapped into the source reconstruction. In the
bottom row, cyan ellipses in panels (a) and (b) highlight part of a genuine multiple image that is visible in the RGB image but incorrectly masked
in the VIS data. The ellipses are visual guides rather than exact mask boundaries. The inferred Einstein radii remain reliable, but these issues limit
the use of the models for detailed source reconstruction or more complex mass modelling.
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Fig. 5. Two grade A Unsure If Lens (UIL) systems, each with 100% UIL agreement in the inspection campaign. Panels follow the same layout
as Fig. 3. From top to bottom, the examples illustrate a missing counter-image and faint residual emission with insufficient signal-to-noise ratio to
establish a convincing lens.

Table 2. Primary inspection classifications at each consensus threshold for grade A (N = 6073) and grade B (N = 8999). Entries give counts and,
in parentheses, percentages of all objects of the corresponding grade. Incomplete: candidates without a completed pixelised model, which were
not inspected. SC: Success; UIL: Unsure If Lens; DSPL: Double Source Plane Lens; MGL: Multi Galaxy Lens; FL: Failure; NC: No Consensus.
Ties at 50% are NC.

Grade Threshold SC UIL DSPL MGL FL NC Incomplete
A 100% 3011 (49.6%) 3 (<0.1%) 1 (<0.1%) 172 (2.8%) 272 (4.5%) 2590 (42.6%) 24 (0.4%)

75% 4098 (67.5%) 7 (0.1%) 15 (0.2%) 317 (5.2%) 580 (9.6%) 1032 (17.0%) 24 (0.4%)
50% 4411 (72.6%) 24 (0.4%) 25 (0.4%) 394 (6.5%) 788 (13.0%) 407 (6.7%) 24 (0.4%)

B 100% 2163 (24.0%) 16 (0.2%) 1 (<0.1%) 179 (2.0%) 362 (4.0%) 6219 (69.1%) 59 (0.7%)
75% 3882 (43.1%) 123 (1.4%) 4 (<0.1%) 385 (4.3%) 1161 (12.9%) 3385 (37.6%) 59 (0.7%)
50% 4827 (53.6%) 434 (4.8%) 19 (0.2%) 571 (6.3%) 1896 (21.1%) 1193 (13.3%) 59 (0.7%)

6. Results

Table 2 reports the SC, UIL, DSPL, MGL, FL, and NC counts
for grades A and B separately under thresholds of 100%, 75%,
and 50%. For 83 candidates, no completed pixelised model is
available; these were not inspected and are listed as incomplete.
The diagnostic figures in this section use a reduced set of pan-

els for visual presentation in this paper. These are not the full

diagnostic images used during the visual inspection campaign
described in Sect. 5.

6.1. SC models

At the adopted 75% threshold (Sect. 5.2), 4098 of 6073 grade
A candidates (67.5%) are classified as successfully modelled
(SC), compared with 3882 of 8999 grade B candidates (43.1%).
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Fig. 6. Two outcomes of the Double Source Plane Lens (DSPL) classification. Panels follow the same layout as Fig. 3. The top row shows a
genuine DSPL that inspectors correctly identified. Whilst the RGB image already provides strong visual evidence for multiple lensed sources,
the poor lens-model fit resulting from the violation of the single-source-plane assumption provides an additional diagnostic that the system is a
DSPL. The bottom row shows a grade A candidate receiving 4/5 (80%) DSPL votes. The additional blue feature south of (below) the lens may
have motivated the DSPL classification, but its nature is uncertain: it could be associated with the main lensed source, a second lensed source, or
an unrelated line-of-sight object. Visual agreement alone therefore does not establish the presence of two lensed sources at distinct redshifts.

The lower grade B rate does not arise mainly from more agreed
modelling failures (9.6% versus 12.9%), but from more cases
in which inspectors disagree (17.0% versus 37.6%). These no-
consensus (NC) cases are included in the total from which the
success rate is calculated, but they are neither confirmed suc-
cesses nor confirmed failures. Instead, they form an ambiguous
set of candidates for which inspectors’ judgements differ too
much for any classification to be assigned. We discuss NC cases
in Sect. 6.6. Table 2 presents results for other thresholds.

Figure 3 shows three examples with SC-vote fractions of
100%, 75%, and 50%, respectively. The 14 additional lenses in
Fig. C.1 provide a qualitative visual illustration of how SC, de-
fined as confidence in the inferred Einstein radius, varies with
inspector agreement. Models receiving at least 75% SC votes
generally appear robust, whereas lower-agreement examples are
more heterogeneous and more frequently exhibit features that
could call the Einstein radius measurement into question, for ex-
ample a counter-image that is not modelled correctly or a source
reconstruction that fits light from a nearby galaxy missed by the
segmentation process. However, by definition, even the results
with thresholds as low as 50% are often of a quality for which
many experts would consider the Einstein radius reliable. This il-
lustrates that there will always be some ambiguity over whether
a lens model is definitely considered successful.

A high SC-vote fraction does not imply that a model is free
from limitations or suitable for every scientific application. Fig-
ure 4 shows two grade A examples with residual segmentation
issues that are above the 75% consensus threshold for SC. In the
top row, several nearby galaxies or stars are not masked and their
light is mapped into the source reconstruction. In the bottom row,
part of a genuine multiple image is incorrectly masked. In both
cases the Einstein radius remains reliably constrained, but the
products are less suitable for detailed source reconstruction or
more complex mass modelling. These issues can be identified
from the segmentation products and addressed through revised
masks and remodelling.

6.2. UIL systems

UIL systems are cases where the visual evidence is insufficient
for inspectors to confidently determine whether the object is a
genuine strong lens, even after viewing the model diagnostics.
At the adopted 75% threshold, Table 2 reports seven grade A
UIL systems (0.1% of the grade A sample) and 123 grade B UIL
systems (1.4%). Figure 5 shows two grade A systems with 100%
UIL agreement. In the top row, the lens model does not reveal the
corresponding counter-image to the north of the lens that would
be expected for a convincing strong-lensing interpretation. In the
bottom row, faint emission remains after subtraction of the fore-
ground galaxy light, but its signal-to-noise ratio is too low to
provide convincing evidence of lensing. These examples illus-
trate that an acceptable model fit alone does not establish the
lensing nature of a candidate.

6.3. DSPL systems

DSPL systems contain multiple background sources at differ-
ent redshifts lensed by the same foreground deflector. At the
adopted 75% threshold, Table 2 reports 15 grade A DSPL sys-
tems (0.2% of the grade A sample) and four grade B DSPL sys-
tems (< 0.1%). An important question is whether the inspec-
tors can distinguish genuine DSPLs from conventional single-
plane strong lenses. The top row of Fig. 6 shows a representative
DSPL. The RGB image alone provides strong visual evidence
that the system contains multiple lensed sources and was likely
sufficient for most inspectors to identify it as a DSPL. However,
because the lens model assumes a single source plane, it is un-
able to fit the system accurately, leading to obvious modelling
residuals. This demonstrates that violations of the single-source-
plane assumption can provide an additional diagnostic for iden-
tifying genuine DSPLs.

The bottom row of Fig. 6 shows a further grade A can-
didate receiving 4/5 (80%) DSPL votes. A second question
is whether inspectors incorrectly identify single-plane strong
lenses as DSPLs. To quantify this effect, a team of DSPL ex-
perts reinspected the nine objects in the 2990-candidate inspec-
tion that achieved at least 75% DSPL consensus. They concluded
that four were not convincing DSPL candidates, illustrating that
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Fig. 7. Examples of grade A multi-galaxy lens (MGL) systems, each with 100% MGL agreement. Panels follow the same layout as Fig. 3. The
top row shows a compact configuration of multiple foreground galaxies surrounded by arc-like emission, with an angular scale similar to that of
single-galaxy lenses. The middle row shows multiple foreground galaxies with more extended arcs, whose lensed-source morphology would be
difficult to reproduce with a single deflector. The bottom row shows a substantially larger MGL containing many foreground galaxies. Its scale
and multiplicity are more characteristic of a group- or cluster-scale lens, conventionally associated in ΛCDM with a dark-matter halo mass above
approximately 1014 M⊙.

Table 3. Secondary FL classifications from the 2990-object campaign,
without a grade A restriction, within its 210 systems receiving FL at the
adopted 75% primary-classification threshold. These are not the failure-
mode fractions of the current grade A or grade B samples. Entries are
percentages of this fixed FL sample; secondary agreement is measured
among inspectors who voted FL on each system. The NC column gives
the fraction for which inspectors did not reach the adopted agreement
threshold on a secondary FL classification.

Secondary FL classification
Threshold Segmentation LensLight SourceMass NC
100% 11.4% 22.4% 3.3% 62.9%
75% 18.6% 31.4% 5.7% 44.3%
50% 29.0% 48.6% 15.7% 5.7%

visual inspection alone can leave the interpretation of additional
source-like features ambiguous. However, these four objects rep-
resent only 0.13% of that sample and therefore have negligible
impact on the overall classification statistics.

6.4. MGL systems

MGL systems contain more than one foreground lens galaxy
within the Einstein radius. At the adopted 75% threshold, Table 2
reports 317 grade A MGL systems (5.2% of the grade A sample)
and 385 grade B MGL systems (4.3%). Figure 7 shows that this
category spans compact configurations of multiple foreground
galaxies to more extended arc structures. Interestingly, the mod-
els in the first two rows appear qualitatively reasonable: their
tangential critical curves suggest that the inferred Einstein radii
may be approximately accurate, while their source reconstruc-
tions are focused and form smooth, galaxy-like morphologies.

Nevertheless, these systems violate the single-deflector assump-
tion of the current models and therefore require more detailed
modelling before their inferred parameters can be used for scien-
tific analysis. Dedicated multi-deflector modelling of the Euclid
MGL population is presented by Euclid Collaboration: Wielders
et al. (2026); we do not consider these systems further in this
paper.

6.5. FL models

At the adopted 75% threshold, 580 grade A systems receive the
FL classification (9.6% of the grade A sample). Secondary fail-
ure classifications were recorded only for the 2990-candidate
inspection, so the examples and failure-mode breakdown be-
low are drawn from that sample. The following examples sep-
arate failures using the secondary classifications adopted dur-
ing visual inspection: FL-Segmentation, FL-LensLight, and FL-
SourceMass. Table 3 gives the corresponding failure-mode con-
sensus breakdown for the subset of systems for which at least
75% of inspectors selected FL in the primary classification. The
percentages in this table are therefore conditional on a system
being classified as FL.

FL-Segmentation failures make the likelihood inputs unre-
liable by excluding genuine lensed emission or retaining con-
taminating light. FL-LensLight, the most common agreed sec-
ondary FL classification, occurs when foreground lens light is
not removed accurately enough for reliable source modelling.
FL-SourceMass failures arise when the preprocessing and lens-
light subtraction are sufficiently successful, but the inferred mass
model or reconstructed source is not physically plausible. Fig-
ures 8 to 10 show representative examples.
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Fig. 8. Examples of Failure (FL) systems assigned the secondary FL-Segmentation classification. Panels follow the same layout as Fig. 3. In the
top row, the segmentation incorrectly classifies one of the lensed multiple images as a line-of-sight galaxy, masking source emission required for
a successful lens model. In the middle row, a contaminating galaxy to the south is identified but not fully masked, leaving residual emission that
affects the source reconstruction. In the bottom row, nearby galaxies are missed entirely, including a galaxy to the south and additional objects
near the edge of the mask, causing the model to fit contaminating light rather than only the lens and source emission.
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Fig. 9. Examples of Failure (FL) systems assigned the secondary FL-LensLight classification. Panels follow the same layout as Fig. 3. Residual
foreground structure overlaps the lensed source emission in each system. In the top row, an edge-on disc lens galaxy leaves residuals at both ends
of the galaxy, which overlap the lensed source emission. The bottom row shows a similar failure, but with stronger ripple-like residuals, plausibly
associated with jets from an active galactic nucleus.

6.6. No-consensus classifications

A model is classified NC when no single classification reaches
the 75% threshold. NC classifications are considerably more
common for grade B candidates (37.6%) than for grade A
(17.0%; Table 2), and grade B candidates also receive more in-
dividual votes for both modelling failure (FL) and uncertain lens
status (UIL).

Figure 11 illustrates this ambiguity through examples of
grade A and B candidates and their lens models. For many NC
cases, the central difficulty is determining whether the candidate
is genuinely a strong lens, rather than simply whether the model
provides an adequate fit. A lens model may reproduce the ob-

served emission without establishing its lensing origin, leading
inspectors to disagree over both the nature of the candidate and
the quality of the model. The lower grade B success rate there-
fore reflects greater uncertainty in lens identification, although
some reduction in modelling performance cannot be ruled out.

6.7. Scientific results

Figure 12 shows the distribution of Einstein radii for the 7980
grade A and B systems classified as successfully modelled (SC)
at the 75% consensus threshold. The distribution peaks near
0 .′′7, with a median of 0 .′′85, a 16th–84th percentile range of
0 .′′61–1 .′′29, and a tail extending beyond 2 .′′0, consistent with
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Fig. 10. Examples of Failure (FL) systems assigned the secondary FL-SourceMass classification. Panels follow the same layout as Fig. 3. These
systems pass the initial preprocessing and lens-light subtraction stages but yield an implausible reconstructed source, lensed source model, or
inferred mass model. In the top row, the mass model converges to an unphysically elliptical solution and predicts two faint central images that are
not observed. In the bottom row, the model reconstructs the multiple images in the arcs to the right but fails to reconstruct their counter-image to
the left because the incorrect mass model places the source outside the tangential caustic.

strong-lens population forecasts. We consider these point esti-
mates suitable for characterising the sample but do not report in-
dividual parameter uncertainties, whose calibration against po-
tential systematic errors in the modelling is deferred to future
work. The quoted percentile ranges describe the spread across
systems rather than measurement uncertainties.

We obtained lens-galaxy half-light radii from photometric
fits that modelled both the lens and source light with Sérsic pro-
files, although potential biases from fitting-mask truncation re-
main unquantified. Figure 13 compares the lens-galaxy angular
effective radius θeff with the Einstein radius for 7976 success-
fully modelled systems (four SC systems lack a completed VIS
Sérsic fit), finding a positive correlation (Spearman coefficient of
0.46). This is expected because more massive galaxies are gen-
erally larger and produce larger Einstein radii. The substantial
scatter reflects variations in galaxy mass distributions, including
dark matter, and differences in lens and source redshifts.

Figure 14 shows the distribution of total source magnifica-
tions µ, defined as the ratio of lensed to intrinsic source flux,
measured in the IE band for the same 7976 systems. The distri-
bution peaks near µ ≃ 4–6, with a median of 8.1 and a 16th–
84th percentile range of 4.2–16.8. A high-magnification tail ex-
tends beyond µ ≳ 30, with 92 systems exceeding µ = 60 and
43 exceeding µ = 120. Such extreme magnifications arise when
sources lie close to lens caustics, where magnification becomes
very large but remains finite for extended sources. These sys-
tems are particularly valuable for studying distant galaxies at
enhanced sensitivity and effective angular resolution.

These magnifications assume an isothermal mass profile and
may therefore be biased for lenses whose radial density slopes
differ significantly from isothermal, particularly in the high-
magnification tail. Although this can also bias inferred source
sizes, simulations suggest that the reconstructed source morphol-
ogy can remain accurate (Cao et al. 2022). Future work will
quantify these systematic effects using power-law mass models
with free radial slopes. Researchers requiring accurate magnifi-
cations or intrinsic source properties should account for this un-
certainty, potentially by remodelling individual lenses with more
flexible mass profiles.

6.8. ECLIPSE catalogue

All results presented in this work are publicly available through
the ECLIPSE catalogue (ECLIPSE-A; Sect. 9). Alongside in-
spection classifications and inferred lens properties, including
Einstein radii and source magnifications, we provide FITS im-
ages of deblended lens and source light, and source reconstruc-
tions across the VIS, NISP, and EXT bands (ECLIPSE-D), to-
gether with convergence, gravitational potential, and deflection-
angle maps. Additional products include COOLEST-format lens
models (Galan et al. 2023) and Witt–Wynne diagnostics (Witt
1996; Wynne & Schechter 2018; Schechter & Wynne 2019),
which approximate the fitted caustics using elliptical potentials
to rapidly predict image multiplicities, positions, and magnifi-
cations for lensed-transient searches (Schechter et al. 2026).8
These approximations should be validated against the original
lens models. The catalogue enables population-level studies and
provides the community with the modelling products needed for
independent analyses of individual strong lenses.

7. Discussion

7.1. Scaling up lens modelling

Our results demonstrate that strong-lens modelling can be scaled
to survey-sized samples of more than ten thousand lenses, an-
swering the question posed in the introduction. At the 75% con-
sensus threshold, 4098 of 6073 grade A candidates (67.5%)
are successfully modelled. The corresponding success rate for
grade B candidates is 43.1%, with the drop due primarily to the
subjectivity of classifying lower-confidence candidates, which
leads to more cases without consensus (Sect. 6.6). Together, the
two grades yield 7980 successful models. The full campaign
modelled 15 072 candidates, over an order of magnitude more
than any previous modelled strong-lens sample. The resulting
ECLIPSE catalogue provides a foundation for population-level
studies of galaxy formation, evolution, and cosmology, although
precise scientific inferences will require further validation of
measurement uncertainties and systematic errors in the mod-
elling.
8 Our implementation adapts isit4or2or1 v1.0 (Schechter & Lu
2026).
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Fig. 11. Selected systems with no consensus (NC) classification at the 75% threshold. Reading left to right and top to bottom, the first three
triplets show grade A candidates (a–c), and the remaining nine show grade B candidates (d–l). Each triplet displays the RGB image on the left,
the VIS image after subtraction of the fitted foreground-galaxy light in the centre, and the lensed-source model image on the right, allowing a
direct comparison of the residual emission and the model prediction. The examples illustrate the range of morphologies for which inspectors
disagree, including uncertainty about whether the residual emission is genuinely lensed. They were selected for illustration and do not constitute a
representative sample of either grade. The subtracted and model images share a colour scale within each triplet; this scale varies between systems.

We now consider the breakthroughs that have made scal-
ing lens modelling to 15 072 systems possible. The first major
breakthrough was not the lens modelling itself, but the machine-
learning segmentation framework used in this work and pre-
sented by Euclid Collaboration: Vincken et al. (2026a). Previous
automated lens modelling studies all relied on a human-intensive
preprocessing stage where tasks such as masking the data and
identifying contaminating galaxies were performed manually. In
the Euclid Q1 modelling effort, the lead author of this work per-

formed these preprocessing tasks manually for over 400 lenses,
estimating that processing them all required approximately eight
hours of repetitive GUI interaction, with inevitable human fa-
tigue and inconsistency. Automating these preprocessing steps
was therefore a critical requirement for scaling strong lens mod-
elling to the sample sizes analysed in this work. Automating
these steps also makes the masking procedure, and hence the
modelling workflow, reproducible.
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Fig. 12. Distribution of inferred effective Einstein radii θE for the sys-
tems classified as SC models at the 75% visual-inspection consensus
threshold (N = 7980; grades A and B). The vertical line marks the me-
dian and the darker bars the 16th–84th percentile range. The histogram
is truncated at the 99.5th percentile.
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Fig. 13. Comparison between the foreground lens-galaxy angular ef-
fective radius θeff and the inferred Einstein radius θE for SC models at
the 75% visual-inspection consensus threshold (N = 7976; grades A
and B). Four of the 7980 SC systems lack a completed VIS Sérsic fit
and are not shown here or in Fig. 14. The two quantities are positively
correlated, indicating that larger lens galaxies generally produce larger
Einstein radii, but with substantial scatter due to variations in galaxy
mass structure and lens–source geometry. The solid line and shaded
band show the running median and 16th–84th percentile range in log-
spaced bins of the effective radius, and the annotation reports the Spear-
man rank correlation coefficient.

The lens modelling software used in this work, PyAutoLens,
has undergone many improvements over the past decade that to-
gether enabled automated lens modelling at scale. The transi-
tion from Sérsic lens light models, as used by Etherington et al.
(2022), to the MGE formalism (He et al. 2024) significantly re-
duced model failures caused by residuals from inadequate lens
light subtraction degrading other components of the fit. In prac-
tical pipeline development, we observed fewer fits converging to
local maxima as we moved from MultiNest (Feroz et al. 2009)
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Fig. 14. Distribution of the total source magnification µ, the ratio of the
lensed to the intrinsic source flux measured in the IE band, for the SC
models at the 75% visual-inspection consensus threshold (N = 7976;
grades A and B). Four of the 7980 SC systems lack a completed VIS
Sérsic fit and are not shown here or in Fig. 13. The vertical line marks
the median and the darker bars the 16th–84th percentile range. The dis-
tribution is shown up to µ = 60; the annotation gives the number of
systems above this value.

to Dynesty (Speagle 2020) and finally Nautilus. Nightingale
et al. (2025) also show that using an MGE source parameteri-
sation in the first of the three sequential fits (Sect. 4.5) signifi-
cantly simplifies the parameter space explored by the sampler:
source size is represented through the linearly solved ampli-
tudes of Gaussians with prescribed widths rather than fitted di-
rectly, reducing degeneracies with the lens mass model. In truth,
automated strong lens modelling was not enabled by a single
methodological breakthrough, but instead by many gradual and
incremental improvements developed over more than ten years.

Machine-learning predictions offer a further route to improv-
ing model initialisation. Pearson et al. (2021) demonstrate the
use of neural-network predictions and uncertainties as priors for
PyAutoLens, while LeMoN (Euclid Collaboration: Busillo et al.
2026) provides rapid estimates of lens mass and light param-
eters that can inform subsequent modelling. Comparisons be-
tween PyAutoLens and LeMoN on subsets of the DR1 sample in-
dicate that combining the approaches could improve the success
rate. We did not incorporate machine-learning initialisation in
the present analysis, prioritising a simple pipeline design for this
initial scaling to 15 072 lenses. Broader comparisons of mod-
elling methods are underway within the SL-SWG to identify sys-
tematic biases, following Galan et al. (2024).

Computational cost was not a barrier to this study. Modelling
15 072 strong-lens candidates required fewer than 250 000 CPU
hours, relatively modest by modern high-performance comput-
ing (HPC) standards, with individual fits typically completing
in under five hours. We used CPUs because they were readily
available, while estimates from PyAutoLens-Assistant sug-
gested they would also be more energy efficient for this work-
load. PyAutoLens-Assistant supported computational plan-
ning, monitoring, and aggregation of modelling results into cat-
alogues shared with the SL-SWG, motivating further develop-
ment of its natural-language interface for managing large mod-
elling campaigns. PyAutoLens and other lens-modelling pack-
ages, including herculens (Galan et al. 2022), now support
GPU acceleration, offering further potential speed-ups. These
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modest computational requirements leave substantial scope for
scaling to larger samples and more complex models.

Human inspection presents a greater challenge to scaling.
At approximately 10 seconds per lens, four inspections of all
15 072 candidates require around 167 person-hours, or about 8
hours each for a team of 20 inspectors. Such an approach be-
comes impractical for samples exceeding 100 000 lenses. Au-
tomated goodness-of-fit statistics alone are insufficient: models
can yield reliable Einstein radii despite imperfect lens-light sub-
traction (Etherington et al. 2022), while apparently good fits can
contain unphysical source reconstructions. We therefore relied
on multiple expert inspectors to assess the residuals, lens-light
subtraction, critical curves, and source reconstructions. Devel-
oping reliable automated assessments is an important next step.

Agentic AI offers a potential solution to this inspection bot-
tleneck. By assessing the imaging and model diagnostics to-
gether, an AI agent could identify reliable models, diagnose
failures, and recommend or perform targeted remodelling, such
as correcting faulty segmentation. Our visual-inspection cam-
paign provides a data set against which such automated as-
sessments can be developed and validated. Complementary
machine-learning classifiers could identify double-source-plane
lenses, multi-galaxy lenses, and other systems requiring spe-
cialised modelling. Together, these approaches could make the
analysis of more than 100 000 lenses practical, with human in-
spectors focusing on ambiguous cases and validating automated
decisions.

7.2. Fixing failures

Within the 2990-object inspection subset, 39 of the 210 fail-
ures were attributed to segmentation at the 75% secondary-
classification threshold (Table 3). We anticipate that continued
expansion of the AstroVink-TREX training data set will reduce
these failures. The initial labelled data set comprised 377 Q1 sys-
tems (Euclid Collaboration: Vincken et al. 2026a); during this
study, it was expanded first with a few hundred additional sys-
tems and then with 2990 DR1 lenses, producing the segmenta-
tion model applied to all 15 072 candidates. We observed im-
provements in segmentation performance as the training data set
grew. The resulting models and visual-inspection assessments
now provide a much larger pool from which to select reliable
training examples and identify difficult cases for the next iter-
ation. Further algorithmic improvements are also planned, in-
cluding refinement of the loss function and contaminant separa-
tion, and extending the architecture to use multi-band informa-
tion (Euclid Collaboration: Vincken et al. 2026a).

At the same threshold, 66 systems were classified as lens-
light failures. These are predominantly associated with dust or
asymmetric structure, including radial light profiles that rise in
brightness away from the lens centre. Adding more concentric,
symmetric Gaussian components, each with a monotonically de-
creasing radial brightness profile, cannot reproduce these fea-
tures, so increasing the number of MGE sets is unlikely to re-
solve them. Such systems will likely require a different approach
using a non-parametric lens-light model and, where necessary,
explicit treatment of dust absorption. The matrix formalism in-
corporating lens light and dust extinction in Suyu et al. (2009,
section 4, equation 13) provides a possible algebraic starting
point for developing such a method. Separately, some lenses
could benefit from the central point-like component used by
H24, for example to represent a bright active galactic nucleus
or other nuclear emission. Even without this component in our

models, these systems were typically judged to yield reliable
Einstein-radius measurements.

The 12 systems classified as source/mass failures suggest
a further route to improvement through more robust sampling.
Where these failures reflect convergence to an incorrect local
maximum, increasing the number of live points in Nautilus
could help locate the preferred solution. Combining sampling
with machine-learning initialisation, for example using LeMoN
(Euclid Collaboration: Busillo et al. 2026) as discussed above,
could also improve convergence and recover failed models. Such
approaches will also need to account for physical source–mass
degeneracies, since source structure and regularisation assump-
tions in pixelised reconstructions can affect the inferred lens po-
tential (Vernardos & Koopmans 2022).

7.3. Science with large strong lens samples

The ECLIPSE series models 15 072 grade A and B strong-
lens candidates, providing the data and models needed for
population-level studies and detailed investigations of individ-
ual systems. For successfully modelled lenses, Einstein radii,
galaxy sizes and deblended photometry characterise the fore-
ground galaxies, while magnifications and source reconstruc-
tions provide insights into the background population. Einstein
radii are relatively robust to modelling choices (Etherington
et al. 2022), while ECLIPSE-D evaluates the lens photome-
try for photometric-redshift estimation through comparison with
MER. Future work using more flexible mass models will refine
these measurements, particularly source magnifications and in-
trinsic sizes, which depend on the assumed radial mass profile
(Sect. 6.7).

The Euclid strong-lens catalogue and lens models presented
in this work provide a wealth of opportunities to study galaxy
evolution and cosmology with strong gravitational lenses. For
the lens galaxies themselves, these data establish strong lensing
as a complementary tool to long-standing approaches such as
stellar dynamics (e.g. Cappellari et al. 2011, 2013; Bundy et al.
2015) and stellar-population modelling (e.g. Bruzual & Charlot
2003; Thomas et al. 2005; Conroy 2013), providing the statisti-
cally significant samples needed to use lensing-inferred quanti-
ties as measurements of galaxy structure and evolution across a
wide range of galaxy masses and redshifts. The Sérsic lens-light
models released here will enable a census of lens-galaxy mor-
phologies, including early-type, late-type, and S0 systems (e.g.
Graham 2001; Graham & Driver 2005), while providing struc-
tural measurements such as Sérsic indices, effective radii, axis
ratios, and luminosities. For both lenses and sources, these pa-
rameters provide familiar structural summaries for comparison
with studies of unlensed galaxies; even a morphologically com-
plex source can be characterised by a fitted effective radius and
Sérsic index. Future bulge–disc decompositions could provide
component sizes, luminosities and stellar masses (e.g. Simard
et al. 2011; Mendel et al. 2014). Combined with lensing mass
constraints, these would connect bulge and disc growth to the
total mass distribution and star-formation quenching (e.g. Mar-
tig et al. 2009; Fang et al. 2013; Lang et al. 2014; Bluck et al.
2014, 2022).

When combined with SIE lens mass models and redshift in-
formation, these observables provide direct measurements of the
projected total mass enclosed within the Einstein radius, a mea-
sure of the enclosed mass of lens galaxies that is not available
for unlensed galaxies. This will enable extensions of classical
galaxy scaling relations, such as the fundamental plane (Djor-
govski & Davis 1987; Dressler et al. 1987) and Tully & Fisher
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(1977) relation, in which lensing-inferred mass information is in-
corporated alongside photometric and, where available, dynami-
cal quantities. Unlike many traditional galaxy-evolution probes,
whose signal-to-noise ratio or diagnostic power often decreases
rapidly with redshift, the lensing constraint is set primarily by
the geometry and surface-brightness structure of the lensed im-
ages. Meaningful mass measurements can therefore often be ex-
tracted for higher-redshift lens galaxies in much the same way as
for lower-redshift systems. The mass models released here thus
provide a homogeneous view of the mass distributions of many
thousands of massive galaxies over the redshift range z ≃ 0.0–
2.0, opening a new route to studying the connection between
galaxy structure, mass assembly, and evolution across cosmic
time, complementary to local studies (e.g. Auger et al. 2010) that
provide the essential z ≃ 0 baseline against which this evolution
can be measured.

The strong-lens imaging modelled in this work contains
substantially more information than the Einstein mass alone,
encoded in the extended surface-brightness distribution of the
lensed source. Fully exploiting this information will ultimately
require more sophisticated lens models than those fitted here.
Examples include power-law mass models (e.g. Koopmans et al.
2009; Shajib et al. 2021; Etherington et al. 2023), models that de-
compose the lens mass distribution into stellar and dark matter
components (e.g. Sonnenfeld et al. 2013; Nightingale et al. 2019;
Li et al. 2026b,a), and models that infer more detailed radial or
angular structure in the mass distribution (e.g. Powell et al. 2022;
Stacey et al. 2024). Incorporating complementary probes such as
weak lensing or stellar dynamics pushes this further. We there-
fore anticipate that future lens-modelling studies will build on
our work to exploit this information.

The models presented here also enable studies of the lensed
source galaxies themselves. For every successfully modelled
system, this work provides source magnification estimates and
pixel-grid source reconstructions across the available imaging
bands, enabling studies of intrinsic luminosities, morphologies,
and colours after correcting for the lensing distortion. There are
already many examples of galaxy-scale strong lenses being used
to study background galaxies in detail (e.g. Dye et al. 2014;
Swinbank et al. 2015; Rizzo et al. 2020; Amvrosiadis et al.
2025), but such analyses have often been limited by sample size:
researchers have not generally been able to select, from large
parent samples, the particular magnified sources best matched
to a given science case. The scale of the Euclid sample changes
this. On cluster scales, large magnifications have enabled ma-
jor progress in the study of galaxies at redshifts greater than 10
(e.g. Coe et al. 2013; Atek et al. 2015; Lotz et al. 2017). Galaxy-
scale lenses offer comparatively simple mass models for source
reconstruction, while magnification improves the effective spa-
tial resolution of source structure for a given observation (e.g.
Rizzo et al. 2020). Their compact angular extent also allows
an individual lens system, including its multiple images, to fit
within a single integral-field-unit field of view for suitably cho-
sen targets and instruments. The catalogue therefore provides a
large, selectable sample of magnified galaxies for future studies
of resolved galaxy structure, stellar populations, and kinematics,
with the richest constraints expected at redshifts z ≃ 0.5–3.0 and
smaller subsamples extending to z ≃ 8.0.

One avenue for future work is to select lenses suited to spe-
cific science cases and obtain targeted follow-up observations.
For dark-matter studies, such samples can constrain the abun-
dance of low-mass haloes (e.g. Vegetti et al. 2018, 2024), with
sensitivity estimates guiding the selection of targets for deeper
or higher-resolution imaging (e.g. O’Riordan et al. 2023). These

analyses must also account for angular structure in the lens
mass distribution, which can mimic substructure signals (e.g.
O’Riordan & Vegetti 2024; Lange et al. 2025). For cosmography,
the large parent sample, combined with detailed modelling and
stellar-kinematic follow-up of selected lenses, could help con-
strain the diversity of galaxy mass profiles and the associated
mass-sheet degeneracy (Schneider & Sluse 2013, 2014; Birrer
et al. 2020). Accounting for this degeneracy is essential both for
time-delay cosmography and for cosmological inference from
double-source-plane lenses (Schneider 2014).

We anticipate high-quality photometric redshifts for most
lens galaxies, which are preferentially bright and massive
(ECLIPSE-D). Spectroscopic follow-up will provide comple-
mentary information: the 4MOST Strong Lensing Spectroscopic
Legacy Survey (4SLSLS) aims to obtain approximately 10 000
source redshifts for Euclid and LSST lens candidates (Col-
lett et al. 2023). Spectroscopic completeness may therefore be
achievable for selected samples targeting cosmology or dark
matter, but is unlikely for the full population of more than
100 000 lenses. Exploiting that population will require improved
photometric redshifts and methods that propagate redshift uncer-
tainties into lensing inference, including joint analyses that ac-
count for the source population and lens selection function (e.g.
Sonnenfeld 2022a,b).

8. Conclusions

We have presented automated lens modelling of 15 072 strong-
lens candidates from Euclid Data Release 1 (DR1), over an or-
der of magnitude more than any previous modelled strong-lens
sample. Using PyAutoLens, we combined automated machine-
learning preprocessing, MGE lens-light subtraction, an isother-
mal ellipsoid mass model with external shear, and parametric
and pixelised source reconstructions. The resulting models were
visually assessed by more than 20 expert inspectors from the SL-
SWG. Our main conclusions are:

– Modelling success rates: At 75% expert agreement, 4098 of
6073 grade A (secure) candidates (67.5%) and 3882 of 8999
grade B (probable) candidates (43.1%) are successfully mod-
elled, yielding a total of 7980 successful models.

– Grade B uncertainty: The lower grade B success rate primar-
ily reflects greater disagreement between inspectors (37.6%
without consensus, compared with 17.0% for grade A),
rather than a comparable increase in agreed modelling fail-
ures (12.9% versus 9.6%). We attribute much of this dis-
agreement to uncertainty over whether grade B candidates
are genuine lenses.

– Modelling failures: For a subset of 2990 candidates, we
analysed 210 consensus modelling failures. The most com-
mon identified cause is inaccurate lens-light subtraction
(31.4%), followed by segmentation errors (18.6%) and
source-reconstruction or mass-model failures (5.7%), with
the remaining 44.3% lacking consensus on the failure mode.

– Lens properties: Successfully modelled systems have a me-
dian Einstein radius of 0 .′′85, with a 16th–84th percentile
range of 0 .′′61–1 .′′29. We consider these point estimates suit-
able for characterising the population, while calibration of
individual parameter uncertainties and systematic errors in
the modelling is left to future work.

– Public catalogue: We release the successful lens models
and their inferred properties through the ECLIPSE cat-
alogue,9 alongside masks, segmentation maps, deblended

9 https://euclid-eclipse-lenses.org
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multi-wavelength imaging, source reconstructions, and lens
mass maps. These products enable both population-level
studies and detailed investigations of individual systems.

Our results demonstrate that automated strong-lens mod-
elling can scale to the thousands of systems being discov-
ered by Euclid. The ECLIPSE catalogue provides a foundation
for studying galaxy mass distributions, the connection between
baryons and dark matter, galaxy evolution, and cosmology. The
approach also provides a basis for automated modelling of strong
lenses from surveys with Roman, the China Space Station Tele-
scope (CSST), and the Vera C. Rubin Observatory. Extending
this approach to future Euclid releases, alongside improvements
in automated model assessment and uncertainty calibration, will
establish strong lensing as an increasingly powerful statistical
probe of galaxy formation and cosmology.

9. Data availability

The lens catalogue, lens models, photometric redshifts, and stel-
lar population properties are available on Zenodo at https:
//doi.org/10.5281/zenodo.19654904. For every success-
fully modelled lens, the release includes the inferred lens-model
parameters and derived quantities, together with the masks, seg-
mentation maps, deblended multi-wavelength imaging, source
reconstructions, and lens mass maps described in this work.
The catalogue can also be browsed interactively at https://
euclid-eclipse-lenses.org. The Euclid DR1 data, includ-
ing all the catalogues and imaging used in this work, are avail-
able to download from https://eas.esac.esa.int/sas/
and are described at https://www.cosmos.esa.int/web/
euclid/data-release-dr1.
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Appendix A: Forward model, linear inversion, and
likelihood

This appendix specifies the calculation underlying the three fits
in Sect. 4.5. The joint treatment of MGE lens light and source
light follows H24, within the semi-linear framework of Warren
& Dye (2003) and Suyu et al. (2006). We describe mesh place-
ment, interpolation, and regularisation separately, since these
choices differ between implementations. The related COWLS-
I analysis (Nightingale et al. 2025) used MGE light models and
cross regularisation, but interpolated its pixelised source using
Voronoi natural neighbours.

A.1. Image formation and pixel integration

Let di and ni denote the measured intensity and noise standard
deviation of image pixel i within the circular analysis mask.
We assumed independent Gaussian noise, with covariance Ci j =

n2
i δi j. The data and noise arrays include the contaminant treat-

ment described in Sect. 3; pixels assigned very large noise have
negligible weight. For angular image coordinate θ, the lens equa-
tion is

β(θ; η) = θ − α(θ; η) , (A.1)

where η contains the non-linear mass and light parameters, and
α includes the SIE and external shear. If L and S are the lens and
source surface-brightness distributions, the model image is

mi = {BP[L(θ) + S (β(θ))]}i . (A.2)

Here P averages the sampled brightness within each image pixel
and B applies the discrete, normalised PSF convolution, includ-
ing light from outside the mask that is blurred into fitted pixels.
Both operators preserve the intensity convention of the input im-
age.

We evaluated a pixel using a uniform nsub,i×nsub,i subgrid, av-
eraging the n2

sub,i contributions before PSF convolution. Image-
plane subgridding also entered the source mapping in Nightin-
gale et al. (2024), who used 4 × 4 sampling. Here the sampling
varied spatially. In the MGE fit, nsub,i = 4, 4, 2 at image-plane
radii respectively below 0 .′′1, between 0 .′′1 and 0 .′′3, and above
0 .′′3 from the data set centre. The same light-profile sampling
was retained for the lens MGE in the pixelised fit; the source
mapping instead used 4 × 4 sampling where the adaptation map
defined below exceeded a signal-to-noise ratio of three, and 2×2
elsewhere.

For the Sérsic fit, the first-fit mass model defined the source-
plane coordinates of the image pixels. Using the same two ra-
dial boundaries, sampling was 16, 4, 2 subpixels per dimension
around both the inferred source centre and the lens data set cen-
tre, and each image pixel adopted the larger of the two values.
Thus the source refinement followed the locations of its lensed
images, rather than a single image-plane centre. These sampling
maps were set before the corresponding fit.

A.2. MGE basis and joint linear solution

Following the notation of H24, the MGE surface brightness is

IMGE(x, y) =
N tot

g∑
k=1

Gk(x, y) , Gk(x, y) = Ik exp
−R2

k(x, y)

2σ2
k

 ,
(A.3)

where Ik ≥ 0 is the central intensity and σk is the major-axis
Gaussian width. The elliptical radius and rotated coordinates are

R2
k = x′2k + (y′k/qk)2 , (A.4)

x′k = (x − xc
k) cos ϕk + (y − yc

k) sin ϕk , (A.5)
y′k = −(x − xc

k) sin ϕk + (y − yc
k) cos ϕk . (A.6)

Here qk is the axis ratio and ϕk the orientation of the major axis,
measured anticlockwise from the +x axis of the modelling grid.
Components within one Gaussian set share their centre, axis ra-
tio, and orientation. The software parameterises each width as
qkσk; these prescribed values were logarithmically spaced from
0 .′′0001 to the mask radius for both galaxies. There were two
sets of 20 lens Gaussians and one set of 20 source Gaussians.
The lens sets shared a centre but had independent axis ratios and
orientations, giving six non-linear parameters.

At fixed η, let Aik be the pixel-integrated, PSF-convolved
unit-intensity lens profile and fi j the corresponding lensed source
mapping, following H24. The source basis consists of Gaussians
in the first fit and interpolated mesh functions in the second. With
lens intensities I and source intensities S, the model is

mi =
∑

j

fi jS j +
∑

k

AikIk ,

Xik =
Aik

ni
, Zi j =

fi j

ni
, Yi =

di

ni
.

(A.7)

Writing the source regularisation matrix as H = ΓTΓ gives the
joint quadratic objective in H24’s source-first ordering:

Q =
1
2

∥∥∥∥∥∥
(
Z X
Γ 0

) (
S
I

)
−

(
Y
0

)∥∥∥∥∥∥2

, S j ≥ 0 , Ik ≥ 0 . (A.8)

Thus Q = 1
2χ

2 + 1
2 STHS, where χ2 is the full residual sum de-

fined in Eq. (A.17). The constraints require every source and lens
intensity to be non-negative. Without these constraints, the solu-
tion obeys(
ZTZ + H ZTX

XTZ XTX

) (̂
S
Î

)
=

(
ZTY
XTY

)
. (A.9)

All three fits used the JAX implementation, which enforces non-
negativity using the primal–dual interior-point solver adapted
from JaxNNLS (Krawczyk 2025),10 which specialises the qpax
method of Tracy & Manchester (2024) to non-negative least
squares. H24 instead used the modified fast non-negative least-
squares algorithm of Bro & De Jong (1997). The off-diagonal
blocks couple the lens and source intensities. The lens MGE
amplitudes carry no regularisation, corresponding to a zero lens-
regularisation block in H24’s notation, and H = 0 for the MGE
source. For numerical stability, a ridge of 10−3 was added to the
diagonal of the curvature matrix for each such unregularised am-
plitude; it entered the linear solve but not χ2. For adaptive source
regularisation, H is the spatially weighted matrix defined below.
For the Sérsic stage, each galaxy contributes a unit-intensity Sér-
sic basis, with shape parameters sampled non-linearly and inten-
sity solved linearly.

A.3. Hilbert placement and Delaunay interpolation

The first MGE fit supplied an adaptation map ui: the data af-
ter subtracting the fitted foreground light, divided by the noise

10 https://github.com/CKrawczyk/JaxNNLS.
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map, with values floored at one per cent of the map maximum.
This map was held fixed during the pixelised fit. Image-plane
mesh placement followed a Hilbert space-filling curve, as also
used by He et al. (2025); the weight form below is that of the
PyAutoLens implementation, with the power and floor chosen
for this pipeline. The adaptation map was interpolated along the
curve, and the relative sampling weights are

wmesh
i = max

( ui

maxi′ ui′

)3.5

, 0.01

 . (A.10)

The weights were normalised and accumulated into a one-
dimensional cumulative distribution. Interpolating its inverse at
uniformly spaced cumulative weights places more mesh points
in high-signal regions while retaining coverage of faint regions.
The image-plane vertices were fixed for the fit; their source-
plane positions were ray-traced for each trial mass model. We
placed 500 points using the Hilbert sampling and added 30
points on a circle just outside the image-plane mask, at radius
rmask + ∆θ/2, where ∆θ is the image pixel scale; the designated
boundary amplitudes were constrained to zero. Before interpola-
tion, traced sub-pixels and vertices outside an ellipse fitted to the
traced mask border were moved radially onto that ellipse, lim-
iting the influence of rays that would otherwise map to remote
source-plane positions.

The traced vertices v j define a Delaunay triangulation. For a
ray landing at β in a triangle with vertices v1, v2, v3, the barycen-
tric weights satisfy

β =
3∑

j=1

b jv j ,

3∑
j=1

b j = 1 , S (β) =
3∑

j=1

b jS j . (A.11)

This is the three-vertex linear interpolation of Vegetti & Koop-
mans (2009), explicitly described as barycentric interpolation by
Vernardos & Koopmans (2022). For image pixel i, its uncon-
volved mapping matrix is

Mi j =
1

n2
sub,i

n2
sub,i∑

s=1

b j(βis) , f = BM , (A.12)

where βis is the traced position of subpixel s, with zero weights
for vertices outside the enclosing triangle. Queries outside the
triangulation use the nearest vertex. Intensities therefore reside at
vertices and the model is continuous and piecewise linear within
the mesh. Assigning one colour to each triangle in the source-
plane plots is a display convention and does not describe the
interpolation used to fit the image. H24 and COWLS-I (Nightin-
gale et al. 2025) instead used Voronoi natural-neighbour interpo-
lation; Hilbert placement does not require either choice of inter-
polant.

A.4. Adaptive split regularisation

We used an adaptive cross, or split, regularisation following
the approach of Nightingale et al. (2024) and H24, also used
in COWLS-I (Nightingale et al. 2025), here evaluated with the
Delaunay interpolant. Regularising each vertex against its mesh
neighbours makes the number of regularisation terms change
whenever a small change in the mass model re-wires the traced
mesh, producing discontinuities in the likelihood surface; the
cross keeps exactly four terms per vertex, a motivation set out
in appendix A.2 (‘Likelihood surface noise’) of H24. The im-
plementation differs from Nightingale et al. (2024) in its cross

geometry: they placed cross points on the diagonals at a distance√
A j, whereas we used the Cartesian axes and half that distance.

For vertex j, define its associated area A j as one-third of the
summed areas of triangles sharing that vertex. Four cross points
were placed at

v j ± h j x̂ , v j ± h j ŷ , h j =
1
2

√
A j , (A.13)

indexed by a = 1, . . . , 4. Let ω jal be the interpolation weight of
source vertex l at cross point ( j, a), and D( j,a)l = δ jl −ω jal. Then

STHS =
∑

j

4∑
a=1

λ j

S j −
∑

l

ω jal S l

2

+ ϵ
∑

j

S 2
j , ϵ = 10−8 .

(A.14)

Equivalently, H = DTΛD + ϵI, where Λ( j,a),( j,a) = λ j. The small
diagonal term stabilises the matrix.

The local regularisation strength was determined from the
fixed adaptation map projected through the current mapping.
Nightingale et al. (2024) instead derived this signal from a previ-
ous model of the lensed source. If N j is the number of subpixel-
to-vertex mappings contributing to vertex j, define

t j =
1
N j

∑
(i,s)∈M j

b j(βis)ui , ν j =

(
t j

maxl tl

)p

. (A.15)

M j is the set of subpixel mappings that include vertex j, and
N j = |M j|. Unmapped vertices have t j = 0. The exponent p
controls how rapidly regularisation changes with signal. In the
AdaptSplit coefficient convention of the PyAutoLens imple-
mentation,

λ j =
[
cinν j + cout(1 − ν j)

]4
. (A.16)

The fourth power follows from squaring the interpolated coef-
ficient to form a regularisation weight and squaring that weight
when constructing H; in Nightingale et al. (2024) the interpo-
lated weight was linear and entered H squared. The two positive
coefficients and p were inferred non-linearly. They allow bright
and faint source regions to have different smoothing strengths
without changing the linearity of the intensity solution at each
evaluation.

A.5. Statistical objective and fit sequence

For the fitted model image, define

χ2 =
∑

i

(di − mi)2

n2
i

, lnLimg = −
1
2

χ2 +
∑

i

ln(2πn2
i )

 .
(A.17)

The MGE and Sérsic stages used this Gaussian image likelihood
evaluated at the non-negative linear solution. For the pixelised
stage, the statistical objective additionally accounts for regulari-
sation and source complexity (Suyu et al. 2006; Nightingale et al.
2024; He et al. 2024):

−2 lnE = χ2 + Ŝ
T
HŜ + ln det(ZTZ + H)

− ln det H +
∑

i

ln(2πn2
i ) . (A.18)
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Table A.1. Quantities fitted and fixed in the three VIS modelling stages.

Stage Non-linear parameters Fixed quantities Linear solution
MGE Lens and source MGE geometry;

SIE and shear
Gaussian widths Lens and source Gaussian intensities;

no regularisation
Pixelised SIE and shear; adaptive regulari-

sation
First-fit lens MGE geometry; adap-
tation map and image-plane mesh

Lens Gaussian intensities and source
vertex intensities; split regularisation
on source

Sérsic Lens and source Sérsic shapes First-fit SIE and shear Lens and source intensities; no regu-
larisation

Here the determinant matrices are the source blocks used by the
implementation; the unregularised lens-light amplitudes are ex-
cluded from these determinants, although they enter the joint so-
lution and χ2. The reconstruction imposes the designated zero-
amplitude boundary constraints; the determinant calculation re-
tains the source block. This specifies the objective evaluated
by the code, not an exact marginalisation over all non-negative
lens and source intensities: no additional integration over the
positivity-truncated domain was performed.

The candidate conjugate points introduced during prepro-
cessing also constrain the fit. If ∆pos is their maximum pairwise
separation after ray tracing to the source plane and δpos is the al-
lowed threshold, the positional penalty subtracted from the log
objective is

Ppos = 108 max(0,∆pos − δpos) , (A.19)

with separations expressed in arcseconds. For the first fit, a pre-
fit check removed candidate points within 0 .′′15 of the lens-light
centre and, where needed, a single outlier, then fitted an SIE with
external shear (centre fixed at the lens-light centre) to find the
smallest achievable maximum source-plane separation s. The
threshold was min[max(2s, 0 .′′3), 0 .′′5]; candidates with fewer
than two retained points were fitted without the positional con-
straint. This discourages configurations in which putative multi-
ple images map to unrelated source locations. In the pixelised fit,
the conjugate points were updated from the first-fit model, and
the threshold was the larger of three times their first-fit source-
plane separation and 0 .′′2. This is an auxiliary constraint, rather
than an additional independent photometric measurement.

The non-linear sampler explored the mass and free light-
shape parameters, and the regularisation parameters when
present. With their adopted prior density π(η), the sampled den-
sity is proportional to E(η) exp[−Ppos]π(η) for the pixelised fit,
replacing E by Limg for the analytic fits and setting Ppos = 0
where no positional constraint was supplied. The quantity E is
the per-model inversion objective; it is distinct from the evidence
obtained by the outer sampler integrating over non-linear param-
eters. Table A.1 summarises which quantities change between
stages. As in the multiband analysis of COWLS-I (Nightingale
et al. 2025), subsequent photometric fits can hold the reference-
band mass model fixed. Our NISP and EXT fits were performed
independently using the fixed VIS mass model, with their pho-
tometric results presented in ECLIPSE-D.

A.6. Priors and stopping criteria

Table A.2 lists the priors for the three VIS fits. We denote a uni-
form distribution by U(a, b), a distribution uniform in ln x by
Uln(a, b), and a Gaussian with mean m and standard deviation
s by N(m, s2). The notation N[a,b] denotes that Gaussian trun-
cated to [a, b]. Angular coordinates, radii, and their prior widths

are in arcseconds. Each coordinate or ellipticity component re-
ceives the listed prior. The data set centre c0 anchors the initial
lens-centre priors. For the MGE and SIE shapes, the code sam-
pled ellipticity components e0 = [(1 − q)/(1 + q)] sin(2ϕ) and
e1 = [(1 − q)/(1 + q)] cos(2ϕ), rather than q and ϕ directly. The
two lens MGE sets shared a centre and had independent shape
priors, with e(1)

1 > e(2)
1 imposed to select one labelling of the ex-

changeable sets. The linear light intensities have non-negativity
constraints rather than sampled prior distributions; source-pixel
smoothing is specified in Appendix A.4.

The second fit fixed the lens MGE geometry but re-solved
its intensities. The SIE parameters were assigned fresh priors,
and the shear retained its original prior distributions; neither was
narrowed using the first-fit posterior. For the Sérsic fit, centre-
prior means were taken from the first-fit posterior medians and
the configured standard deviation was 0 .′′05. The SIE and shear
were fixed to the first-fit maximum-likelihood model. NISP and
EXT photometry used that same fixed VIS mass model, as de-
scribed in Sect. 4.5 and ECLIPSE-D.

We used the nautilus convergence criteria (Lange 2023),
with exploration ending when the estimated fraction of evidence
in the live set fell below flive = 0.01. Subsequent sampling re-
quired an effective sample size Neff ≥ 500 and at least one sam-
ple in each shell. These are convergence targets, rather than a
requirement that the maximum likelihood or estimated evidence
cease increasing. Table A.3 gives the live-point counts and maxi-
mum likelihood-evaluation budgets. A search could also stop on
reaching its evaluation budget before satisfying the convergence
targets.

Appendix B: Preliminary round of visual inspection

B.1. Description

A preliminary round of visual inspection was undertaken to de-
termine which diagnostic images are most informative for as-
sessing lens modelling results and to refine the criteria used to
judge model success. A random sample of 569 of the 3000 high-
est machine-learning-ranked (grade A) strong lenses was mod-
elled, and 200 lenses were selected for inspection by 12 classi-
fiers, all of whom identify as lens modelling experts. Each expert
reviewed 100 common lenses (to enable consistency checks be-
tween reviewers) and 100 unique lenses (to maximise diversity
in the identification of failure modes).

In the preliminary round, reviewers were given four images:
(i) a 2× 2 panel showing RGB images of the lens under different
scalings; (ii) a 4× 3 panel showing the model fit assuming a De-
launay mesh source; (iii) the same 4 × 3 panel for a fit assuming
an MGE source; and (iv) a 2×1 panel showing the segmentation
information of the lens. These images are not shown in this paper
for brevity. The number of images and panels given to reviewers
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Table A.2. Non-linear priors for the VIS modelling stages. Fixed quantities and linear amplitudes are distinguished from sampled parameters.

Stage Parameter Prior or fixed value
MGE Lens MGE centre, ck U(c0,k − 0.1, c0,k + 0.1)

Lens MGE ellipticity, each set N[−0.5,0.5](0, 0.32)
Source MGE centre, ck N(c0,k, 0.32)
Source MGE ellipticity N[−0.7,0.7](0, 0.32)
SIE centre Fixed to c0

MGE/pixelised SIE ellipticity N[−1,1](0, 0.32)
SIE scale θmass

E U(0, 8)
Shear components γext

1 , γ
ext
2 U(−0.3, 0.3)

Pixelised SIE centre, ck U(c0,k − 0.1, c0,k + 0.1)
Lens MGE geometry Fixed to first-fit maximum-likelihood values
cin, cout Uln(10−6, 106)
Signal exponent p U(0, 1)

Sérsic Lens/source centre, ck N (̃cMGE
k , 0.052)

Lens/source ellipticity N[−1,1](0, 0.32)
Lens/source effective radius U(0, 30)
Lens Sérsic index U(0.5, 10)
Source Sérsic index U(0.8, 5)
SIE and shear Fixed to first-fit maximum-likelihood values

Table A.3. Nautilus settings for the three VIS searches.

Fit Live points Evaluation limit
MGE 750 200 000
Pixelised 300 100 000
Sérsic 100 100 000

was intentionally larger than would be practical for evaluating
15 072 strong lenses. The motivation was to determine what in-
formation reviewers needed to judge lenses.

Reviewers first assessed all 200 lenses with three classifi-
cation options corresponding to SC, FL, and MGL, indicating
whether the lens model was considered successful. Reviewers
were provided with an evaluation panel, which gave the follow-
ing criteria for a model to be considered successful:

1. You have high confidence the data set is of a genuine strong
lens.

2. The pixelated lens model accurately fits all multiple images
of the lensed source, and does not fit light of other nearby
galaxies or foreground lens light residuals.

3. The pixelated lens model provides an accurate and
publication-worthy estimate of the Einstein radius.

4. There are no issues with the segmentation map.
5. The lens does not have multiple galaxies inside its Einstein

radius and thus does not require multiple lens light and mass
components.

A failed model was defined as one or more of the above crite-
ria not being met, and the MGL option was used when criterion
5 was not met. After classifying all 200 objects, reviewers were
subsequently shown all results again for lenses they classified as
failures. Next to each image shown to reviewers were buttons
they could click to identify the reason for the failure. For exam-
ple, next to the segmentation image was a button labelled “Miss-
ing Nearby Artefact/Galaxy”, meaning the segmentation had not

correctly enabled masking of the nearby galaxy. Another button
next to the fit panel was labelled “Bad Source Reconstruction”.

The third and final round of inspection asked reviewers
to click on the image panels that allowed them to determine
whether a lens model was SC or FL. This information was anal-
ysed to determine the final images (Figs. 1 and 2) that were ac-
tually shown to reviewers for inspection of the full sample of
15 072 lenses.

B.2. Discussion and lessons learned

Reviewers agreed that judging whether a lens model is success-
ful is inherently subjective, and that it would be impossible to
define assessment criteria interpreted identically by all inspec-
tors. However, it was also agreed that the criteria used during the
preliminary visual inspection were unnecessarily complicated,
particularly because they mixed assessment of the lens model
itself with assessment of the segmentation map, including cri-
teria such as “does not fit light from nearby galaxies” or “there
are no issues with the segmentation map”. It was therefore de-
cided that segmentation-map validation – specifically checking
whether genuine source emission had been removed or nearby
contaminating galaxies had not been identified correctly – would
be performed separately from the primary visual inspection and
not included directly in the model-success criteria.

The inspection criteria were subsequently simplified to those
presented in Sect. 5, with the revised structure more directly
guiding inspectors towards the appropriate classification, includ-
ing identifying MGL systems before assessing model quality.
Reviewers agreed that the refined criteria still retained some sub-
jectivity, but substantially less than in the preliminary inspection
exercise.

During the preliminary inspection, reviewers first classified
all 200 lenses and only afterwards returned to failed systems to
record the reason for failure. Inspectors noted that this often led
to them forgetting why a particular model had been classified as
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unsuccessful. The final inspection workflow therefore required
reviewers to select the failure category immediately after select-
ing FL. The available failure categories were also simplified to
the set described in Sect. 5.

Finally, the diagnostic images used during inspection were
analysed and refined into the layouts shown in Figs. 1 and 2.
Discussion amongst reviewers motivated the option to alternate
between pixelised and parametric MGE source reconstructions,
which provides valuable additional diagnostic information for
difficult or ambiguous systems.

Appendix C: Additional SC examples

Figure 3 compares three grade A models with current SC-vote
fractions of 100%, 75%, and 50%. Figure C.1 adds 14 grade A
systems drawn randomly from the current inspection results. Ev-
ery selected system has exactly four recorded votes: three have
4/4 SC votes, four have 3/4, and seven have 2/4. The draws
excluded the Figure 3 candidate set and contained no repeated
objects. They were restricted to locally available completed pix-
elised fits and RGB images registered to the VIS cut-outs. The
four-vote restriction applies to these illustrative examples, not to
the entire inspection export.
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Fig. C.1. Additional randomly selected grade A lens models from the current inspection campaign. The first three rows have 4/4 (100%) SC votes
and the remaining four have 3/4 (75%). All seven meet the adopted 75% SC threshold. Each RGB panel gives the SC-vote tally and percentage.
All panels are shown north up, east left. From left to right, the panels show the RGB image (a), VIS data (b), foreground lens-light model (c),
lens-subtracted image (d), lensed source-model image (e), and source-plane reconstruction (f), following Fig. 3. These examples illustrate model
appearance and are not a statistical calibration of model reliability.
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Fig. C.1 (continued). Additional randomly selected grade A lens models from the current inspection campaign, each with exactly 2/4 (50%) SC
votes. All seven are NC at the adopted 75% threshold. Each RGB panel gives the observed SC-vote tally and percentage. All panels are shown
north up, east left. Panels follow the layout of Fig. 3. These lower-agreement examples provide a qualitative comparison with the 100% and 75%
examples, rather than a calibration of classification reliability.

Article number, page 29


	Introduction
	Data
	Preprocessing
	Lens modelling
	Overview
	Lens light modelling
	Mass profile
	Source model
	Sequential lens model fits

	Visual inspection
	Inspection classifications
	Consensus thresholds

	Results
	SC models
	UIL systems
	DSPL systems
	MGL systems
	FL models
	No-consensus classifications
	Scientific results
	ECLIPSE catalogue

	Discussion
	Scaling up lens modelling
	Fixing failures
	Science with large strong lens samples

	Conclusions
	Data availability
	Forward model, linear inversion, and likelihood
	Image formation and pixel integration
	MGE basis and joint linear solution
	Hilbert placement and Delaunay interpolation
	Adaptive split regularisation
	Statistical objective and fit sequence
	Priors and stopping criteria

	Preliminary round of visual inspection
	Description
	Discussion and lessons learned

	Additional SC examples

